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EEG involves the recording, analysis, and interpretation of voltages recorded on the human 
scalp which originate from brain gray matter. EEG is one of the most popular methods of 
studying and understanding the processes that underlie behavior. This is so, because EEG 
is relatively cheap, easy to wear, light weight and has high temporal resolution. In terms of 
behavior, this encompasses actions, such as movements that are performed in response 
to the environment. However, there are methodological difficulties which can occur when 
recording EEG during movement such as movement artifacts. Thus, most studies about 
the human brain have examined activations during static conditions. This article attempts 
to compile and describe relevant methodological solutions that emerged in order to 
measure body and brain dynamics during motion. These descriptions cover suggestions 
on how to avoid and reduce motion artifacts, hardware, software and techniques for 
synchronously recording EEG, EMG, kinematics, kinetics, and eye movements during 
motion. Additionally, we present various recording systems, EEG electrodes, caps and 
methods for determinating real/custom electrode positions. In the end we will conclude 
that it is possible to record and analyze synchronized brain and body dynamics related to 
movement or exercise tasks. 
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1. INTRODUCTION 

Eighty-four years passed since Hans Berger recorded the first 
human electroencephalogram, thus the creation of EEG (Berger, 
1929; La Vaque, 1999). Methods and applications have come a 
long way since then. Indeed, clinicians and researchers nowa- 
days use EEG in the management of epilepsy, monitoring of 
coma patients, investigation of stroke; sleep dysfunction stud- 
ies, machine control, sports performance amongst others. This 
method is often preferred to others because it is relatively cheap, 
easy to wear, light weight and has a high temporal resolution. In 
contrast, other methods such as functional Magnetic Resonance 
Imaging (fMRI), have low temporal resolution, are more expen- 
sive and are impossible for study ing participants whom wear 
them while moving. Thus, EEG became one of the most used 
methods for inspecting and understanding the processes from 
which behavior originates. 

Behavior includes all actions that beings perform in their envi- 
ronment, and these include motion (Vanderwolf, 2007). Makeig 
et al. (2009) proposed the development of methods for the inves- 
tigation of brain dynamics during human motion in several 
dimensions and the development of wearable mobile brain/body 
imaging (MoBi) methodology. The authors additionally proposed 
the creation of analysis methods that can model the relation- 
ships between the recorded dimensions. The development of such 
methods will enable researchers to investigate a person's simul- 
taneously recorded brain electric activity, muscle myoelectric 



activity, movements in 3D space, video, and audio recordings; 
thus enabling the simultaneous study of brain and body dynamics 
interactions during motion and behavior. 

The comprehension of brain-muscle interactions is benefi- 
cial for assessing degenerative diseases, impairments of motion, 
designing and optimizing neuro-rehabilitation therapies, human 
brain machine control, human performance optimization and 
other applications. However, clinicians and scientists considered 
EEG excessively artifact prone, hence incapable of recording ana- 
lyzable EEG recordings during motion. Consequently, researchers 
avoided using EEG recordings in movement studies and preferred 
indirect methods involving imagery or small limb movements to 
study brain activity during motion (Salenius et al, 1997; Dobkin 
et al, 2004; Schaal et al, 2004; Zehr and Duysens, 2004). 

EEG recordings use either invasive electrodes (iEEG or ECoG) 
or surface electrodes (sEEG). Owning to the fact that iEEG 
involves direct contact with the brain, the signal to noise ratio is 
much higher than with surface EEG. Nevertheless, iEEG involves 
surgery (craniotomy) to place an electrode grid on a small por- 
tion of the brain surface. This limits the information source 
area that the system and experts can analyze. This can cause 
post-surgery problems for the subject. Further, due to ethical con- 
siderations the surgery must be indicated for the benefit of the 
patient. Thus it nearly always involves preparation for surgery of 
epileptic patients. Therefore, in general, iEEG is impractical for 
EEG in motion research in most populations. Hence, this paper 
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focuses on spatial resolution and high-density motion surface 
EEG methodology. Consequently, we refer in this paper to sEEG 
simply as EEG. 

We found no compilation of methodological articles or guide- 
lines for brain and body dynamics measurements. Therefore, this 
paper aims to supply researchers with an overview on current 
hardware, software and methods for this purpose. Accordingly, we 
discuss issues that potentially impair the recording, analysis and 
recent solutions developed to address these problems. These cover 
suggestions of how to avoid motion artifacts, the use of custom 
designed accessories for EEG recording during movement, the 
possibility and advantages of using trans-impedance amplifiers, 
determination of real/custom electrode positions, EEG electrode 
types, the use of different EEG recording systems, artifact removal 
and the integration of brain, motion capture (MOCAP) and EMG 
recordings. As an introduction, we offer a short overview of EEG 
principles. 

2. PRINCIPLES OF EEG 

The basic functional structure of the brain is the neuron and the 
human brain contains about 10 11 of them (Herculano-Houzel, 
2009). Neurons are specialized cells that are able to manipulate 
their membrane electric potentials in order to transmit electri- 
cal signals from one to another. These electric signals, or action 
potentials, are rapid, instantaneous electric events. They have an 
amplitude of 100 mV, last 1 ms and are conducted through the 
axon, at a speed that varies from 1 to 100 m/s. This is the method 
that the brain utilizes for information exchange. This process 
works rather well for fast communication because of the intri- 
cate network, and amount of neurons that constitute the system 
(Kandel, 2000). 

In an all-or-nothing chain reaction, the signal propagates 
throughout the network. The signal is transmitted in a wave- 
like movement of activation across the excitable medium of the 
brain which is composed of axons, synapses, dendritic mem- 
branes and ionic channels. Following an axon depolarization 
and the creation of an excitatory postsynaptic potential (EPSP) 
at neighboring dendrites, cell membrane depolarization occurs. 
Neurotransmitters in the excitatory synapses cause an influx of 
positive ions at the postsynaptic membrane. This creates a neg- 
ative charge at the apical dendrites of the postsynaptic neuron. 
Thus a reorganization of ions ensues inside the cell. Ions move 
from the apical dendrite to the cell body depolarizing the cell 
body. This creates a positive charge on the extracellular side of the 
cell body and basal dendrites. A movement of positively charged 
ions from the cell body and the basal dendrites to the apical 
dendrite generates extracellular potentials (Magee, 2000; Hallez 
et al, 2007; Buzsaki et al., 2012). These events create two ver- 
tically oriented dipoles of opposing polarity in pyramidal cells. 
This is due to the arrangement of these cells. Pyramidal cells 
are arranged with cell bodies in deeper laminae and dendritic 
arbors directed upward to the surface. Neurons must be reg- 
ularly arranged so that they amplify each other's extracellular 
potentials. For this reason neighboring pyramidal and surface 
cells contribute the most to the EEG signal as their the axes 
of their dendrite trees are parallel to each other (Hallez et al., 
2007). 



The flow of current through the extracellular space and the 
relationship between recordings at a distance of the source 
is described by the volume conduction theory (Schaul, 1998; 
Rutkove, 2007). This refers to the to the spread and conduction 
of extracellular potentials through the biological tissue between 
the source and the sensor. This bypasses the delicate wiring of the 
brain but spreads according to standard laws of electrodynam- 
ics through the tissue (Plonsey and Heppner, 1967; Hallez et al., 
2007). Volume conduction makes measurement of EEG possible 
in the first place, yet makes separation and interpretation of EEG 
signals difficult. 

Common EEG recording techniques measure the difference of 
the electric potential of a surface electrode with respect to a ref- 
erence surface electrode. After the charges reach the electrodes, 
they are transmitted through cables to a high impedance ampli- 
fier. To resolve the high frequency content of EEG, the amplified 
signal needs to be sampled by an analog to digital converter at a 
high sampling rate. The sampling rate typically ranges from 250 
to 2000 Hz and must be greater than twice the Nyquist frequency 
to ensure an adequate sampling and to minimize aliasing. The 
Nyquist frequency is the highest frequency that is of interest to 
be detected. If the Nyquist frequency is 600 Hz, then the sampling 
rate should be at least 1200 Hz to avoid aliasing. Here aliasing 
refers to the effect of under- sampling when higher frequencies 
are present. This results in the creation of lower frequencies in 
the analog-to-digital converter (Sinclair et al, 2007). As an exam- 
ple, Waterstraat et al. (2012) used a sample rate of 2000 Hz while 
recording EEG with the purpose of investigating these frequencies 
around 600 Hz. After recording, the data is stored on a com- 
puter hard drive. Further signal processing and analytic processes 
involve the removal of uninteresting signals and noise from the 
raw data. 

After filtering, the clean signal appears as waves that are 
the product of the rhythmic activity of clusters of neuronal 
cells. It was thought that brain rhythmicity was generated from 
medial thalamic structures. It is now thought that neurons in 
the nucleus reticular thalami are the pacemaker. These neurons 
discharge rhythmically to the thalamocortical relay. This leads to 
synchronous excitatory postsynaptic potentials (EPSPs) (Schaul, 
1998). The brain's rhythmic activity is defined by its occurrence 
at each second, therefore frequency in Hertz (Hz). 

Brain rhythms can occupy several frequencies. Here we 
attempt to summarize and give brief examples about brain 
rhythms and their functioning. The lowest frequency band is 
the delta (S) band. It ranges from approximately 0.3 to 4 Hz. 
This band is predominant during sleep and in infant children. 
Its manifestation in adults is associated with learning and atten- 
tion deficits (Clarke et al., 2001). The next frequency band in the 
spectrum is the theta (6) band. It occupies the frequencies from 
4 to 8 Hz. Theta waves are associated with repression or inhi- 
bition of behavioral activities, drowsiness and with creative or 
spontaneous states. Occupying the next frequency band from 8 
to 13 Hz are the alpha (a) waves. These were the first observed by 
Hans Berger and therefore called alpha. Alpha waves occur during 
relaxation and closed eyes state and are associated with the inhi- 
bition of certain functions in the brain (Goldman et al., 2002). 
Beta (/S) waves occur in the frequency range from 13 to 30 Hz. 
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Beta activity is related with anxiety, irritability, agitation, sleep 
disturbances and addictions (Prichep and John, 1992). Gamma 
{y) waves constitute the remaining frequency ranges from 30 to 
100 Hz. This spectrum band is thought to be relevant for sen- 
sory and cognitive related brain functions. Gamma waves are 
thus involved in the complex activities of information process- 
ing (Colgin et al., 2009). They may also be related to motor visual 
processing and facial features expression (Muthukumaraswamy, 
2010; Tang et al., 2011). Activity at higher frequencies are also 
present in the central nervous system. For example, frequen- 
cies situated around 600 Hz. These oscillations consist of a brief 
burst of activity, labeled often labeled as sigma-burst (a -burst). 
The previous mentioned frequencies are considered to be gen- 
erated by post synaptic activity. However higher frequencies, at 
around 600 Hz, are thought to originate from spiking activity. 
That is, the added-activity from single neuron cell spiking activ- 
ity. Alterations in the amplitude and latency of the sigma-burst 
were observed under, reduced attention, general anesthesia and 
different stimulation paradigms (Waterstraat et al., 2012). 

Specifically regarding movement, EEG activity is used as an 
indicator of movement initiation, prediction of its direction and 
even the limb that could be active during motion (Ahmadian 
et al., 2013). Human EEG is synchronized with muscle contrac- 
tion (Salenius et al., 1996, 1997; Schoffelen et al, 2008) and is 
coupled with gait phase (Gwin et al., 201 1). EEG rhythm changes 
before movement occurs for example as the Bereitschaftspotential 
or alpha and beta event related desynchronization (ERD). The 
bereitschaftspotential is a negative cortical potential which occurs 
around 1.5 to Is before the onset of a voluntary movement 
(Kornhuber and Deecke, 1965; Shibasaki and Hallett, 2006). 
ERDs are a short lasting decrease of frequency power in the 
alpha and beta bands that appear about 2 s before movement 
(Pfurtscheller and Neuper, 2003). As a practical example, these 
signals are used to decode a subject's movement intentions and 
provide control of an exoskeleton which aids the subject during 
locomotion (Kilicarslan et al., 2013). 

2.1. EEG ARTIFACTS 

Inherent with the measurement of brain activity are noise and 
artifacts. During recording, several sources of artifacts exist and 
therefore several kinds of noise contaminate the raw signal. The 
first most evident artifact, that occurs in recordings during move- 
ment are muscle activity artifacts. Muscle artifacts have their ori- 
gin in the head and neck musculature which become active during 
head movement or stabilization during motion tasks (Gwin et al., 
2011). Electromyographic (EMG) artifacts are the most difficult 
to deal with due to the fact that their spectrum overlaps with EEG 
activity, mainly with beta and gamma waves (Brown, 2000). 

Other artifacts arise from sweat bridges, electrodes and cables 
movements, cardiac activity such as ballistocardiographic arti- 
facts and eye movement. Sweat bridges occur when the person 
sweats and the salt and water form a contact bridge between two 
or more electrodes or simply alter the impedance of the elec- 
trodes. The electrolytes produced by the sweat glands create a 
battery effect causing a low frequency artifact. Eye movement 
and blink artifacts are also a source for EEG noise. In case of 
the use of a common average reference, they tend to affect the 



frontal electrodes causing a typical effect easy to identify in the 
raw data and in a topographic plot of the scalp. In the case of 
a nose reference they influence all electrodes. Electrode move- 
ment artifacts occur when the contact of the electrode with the 
scalp is disturbed, which results in a rapid change of impedance. 
Ballistocardiographic and cardiac activity artifacts happen when 
the pumped blood causes a mechanical movement on an elec- 
trode that lays on top of a blood vessel or is contaminated with 
heart electric activity. These are also easy to spot artifacts because 
they are rhythmic and with a much higher amplitude than EEG 
(Tyner et al., 1983). In sections, 3.5 and 4.2 we will present sugges- 
tions for the reduction of artifacts during recordings and during 
analysis. 

3. RECORDING HARDWARE, SOFTWARE, AND TECHNIQUES 

In this section, we present hardware, software, and techniques to 
deal with the previously described artifact issues and the record- 
ings of body and brain dynamics during movement, with an 
emphasis on spatial resolution. 

3.1. AMPLIFIERS, ELECTRODES, AND CAP TYPES 

3.1.1. Amplifiers 

Over the past decades amplifiers have been optimized to improve 
input impedance. Today's amplifiers do not therefore alter the 
surface potentials. However, the surface potential is a result of 
the brain activity but not necessary for the brain activity itself, 
von Tscharner et al. (2013) has recently shown, by a model 
computation, that because of the relatively low inter electrode 
resistance, lateral currents between electrodes cause signals from 
neighboring electrodes to record mixed signals. Thus, signals con- 
tain information from both locations. Therefore, high impedance 
potential amplifiers do not allow optimal spatial resolution. The 
authors have shown this for EMG signals but this is most likely 
also the case for EEG signals. As an alternative, researchers may 
use trans-impedance amplifiers (electric current amplifiers). A 
trans-impedance amplifier removes or injects charges to keep the 
electrodes at ground or reference potential at all times. It yields 
a measurable voltage output proportional to these currents and 
thus to the EEG signal, von Tscharner et al. (2013) demonstrated 
that the trans-impedance amplifier significantly improves spatial 
resolution of EMG recordings because the inter-electrode cross 
talk is reduced. Hence, this method can perhaps improve the 
spatial resolution for the EEG signals. 

3.1.2. Electrodes 

Traditionally, the most use kind of electrodes type are wet elec- 
trodes, that is, an electrode that uses an electrolyte gel, or other 
means, to convey the signal from the person's scalp to the elec- 
trode pin that is coated with Ag-AgCl. This coating is used to 
obtain a low resistivity between the skin and the electrode and the 
conductive gel minimizes the electrochemical contact potential. 
Nevertheless, these electrodes require a time consuming prepara- 
tion, especially while using a high number of electrodes for source 
analysis studies. After the measurements, the subjects also have to 
wash their head to remove the conductive gel. In addition, during 
longer data collection sessions, the gel may dry impairing signal 
conductivity. This limits the study of behavior, the development 
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of brain computer interface for every day use, long term EEG 
studies or measurements in extreme conditions such as in space. 
In order to address these issues, researchers in recent years have 
developed dry electrodes. 

A review by Liao et al. (2012) explores several solutions 
for dry electrodes alternatives. Most dry electrodes are of three 
types: dry micro-electromechanical system sensors (MEMS), dry 
fabric-based sensors and hybrid dry sensors. Additionally, a tech- 
nology mentioned by Liao et al. (2012), are Photrodes™. These 
are a NASA spinoff in collaboration with the company Srico, 
Inc (Sawbury Blvd Columbus, OH 43235-4579, USA). A Mach- 
Zehnder interferometer measures the electric activity via the 
electro-optic effect that modulates a light beam. Just like other dry 
sensors, these also do not require skin preparation (Kingsley et al., 
2004). In terms of performance, Estepp et al. (2009) showed that 
the correlation between wet and dry electrodes ranged from 0.45 
to 0.82 depending on the electrode position on the participant's 
head. Additionally, Grozea et al. (2011) tested bristle-sensors 
against wet sensors and verified that the average coherence of the 
bristle-sensor/gel-based pair was above 80% of the average coher- 
ence of the two employed gel-based electrodes, from 7 to 44 Hz. 
In addition to that, in the frequency range around 10 Hz, the aver- 
age coherence between dry and wet electrodes reached 90% of the 
wet-wet average coherence. For dry non-contact electrodes, Chi 
et al. (2012) reports a correlation between dry non-contact and 
wet electrodes, above 0.8 for half of the participants and for dry 
contact electrodes, a correlations of 0.9. Chi et al. (2012) explain 
that the lower signal correlation seen with non-contact electrodes 
and contact electrodes is due to signal degradation and suscep- 
tibility to movement artifacts when using the electrodes through 
hair. In summation, most of these sensors performed well, how- 
ever there is no single study that tested these different devices with 
the same condition. In addition, the MEMS may cause injury or 
skin irritation due to friction of the contact surfaces with the scalp 
skin. Thus, researchers are advised to take this into account and 
judge the trade-off between technologies and take into account 
which conditions these perform better when designing studies 
(Liao etal, 2012). 

To address the problem of movement noise and other sig- 
nal interference, it is recommended to use active electrodes and 
shielded cables (Metting van Rijn et al., 1990, 1996). Active elec- 
trodes amplify the signal at the source, have a high input and 
low output impedance thus reducing the noise created by stray 
potentials and cable movements (Metting van Rijn et al., 1996). 
Grozea et al. (201 1) and Chi et al. (2012) elaborated on solutions 
for active, dry electrodes. One commercial product of a MEMS 
electrode is the g. SAHARA by g.tec medical engineering (g.tec 
medical engineering GmbH, Sierningstrasse 14, 4521 Schiedlberg, 
Austria). Cognionics (Cognionics, Inc., San Diego, CA 92121) 
proposes a different approach to active dry electrodes, with their 
Flex Sensors in Figure 1. This approach provides a solution to 
the hair interference problem which became evident when using 
other previous dry electrodes (Chi et al., 2012). The electrodes 
are made from a 3D printed nylon material and are provided 
with a set of angled appendages, similar to legs, which when 
under pressure deform and flatten. This brushes the hair away 
and increases contact with the scalp surface while reducing hair 




Tips brush 
aside hair 



Scalp 
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FIGURE 1 | Schematic of Cognionics active dry Flex sensor. Top: 
deformation of the sensor brushing hair aside. Bottom: Top view of the 
sensor spreading over a surface. The sensor has 15.24 mm in diameter and 
11.43 mm in height. Picture courtesy of Cognionics. (Cognionics, Inc., San 
Diego, CA 92121). 



interference. When compared to dry electrodes these show a cor- 
relation of about 0.9 between the wet and dry signals (Chi et al., 
2013). However these electrodes can only be used 20 to 30 times. 
Nonetheless, wet active and shielded electrode solutions exist, just 
like the actiCAP electrodes, distributed by Brain Products (Brain 
Products GmbH, 82205 Gilching, Germany). 

3.1.3. Caps 

The number and spatial distribution of EEG electrodes in an EEG 
electrode holder cap influences the spatial resolution and accurate 
source localization. Junghofer et al. (1999) and Gutberlet et al. 
(2009) recommend a minimum of 64 channels with equidistant 
positions covering the lower areas of the head to record activity 
from these areas of the brain. A significant number of electrodes 
are recommended for independent component analysis (ICA) 
based artifact removal methods (Michel and Brandeis, 2010). 
For instance, Lau et al. (2012) showed that up to 125 electrode 
channels improve the ICA decomposition. On the other hand, 
it is possible to localize the two most robust sources with only 
35 electrodes (Lau et al., 2012). Therefore, the number of chan- 
nels may depend on the study objectives. Higher resolution may 
be necessary when measuring EEG activity during motion and 
correlating the EEG signals to EMG signals from specific mus- 
cles. The general view that for the localization of more sources, 
more electrodes are required may be misleading because the inter- 
electrode resistivity drops with shorter inter-electrode distances 
and thus crosstalk among electrodes limits the spatial resolution 
(von Tscharner et al., 2013). Future research may therefore take 
advantage of combining measurements using trans-impedance 
amplifiers (mentioned above). However, the main limiting fac- 
tor for analyzing EEG activity acquired during motion is most 
likely noise and movement induced artifacts. This will affect 
source localization. Thus the maximal appropriate number of 
electrodes will depend on how well one can control the mechan- 
ical influences and the inter electrode cross talk. Nonetheless, as 
signal acquisition and pre-processing techniques improve, one is 
approaching a technology that provides sufficient resolution and 
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stability to obtain movement and behavior related information 
from the EEG. 

Double-layered caps prevent cables from moving by restrain- 
ing the cables between the layers. Thus eliminating a source 
of artifacts. The most commonly used ones are the Brain Wave 
cap (Medi Factory BV, Buizerdstraat 3a, 6414 VT Heerlen, The 
Netherlands) or the WaveGuard™ (ANT-Neuro, Colosseum 22, 
7521 PT Enschede, Netherlands). Alternatively, researchers can 
combine two of their present caps and accommodate the wires 
between the layers. This works particularly well with the actiCAP 
from Brain Products as seen in Figure 2. 

Cognionics provides a high-density dry electrode EEG head- 
set system which supports up to 64 channels (Chi et al., 2013), 
illustrated in Figure 3. This system integrates the Cognionics Flex 
Sensors described just above, and Cognionics version of the wire- 
less acquisition unit, described in section 3.3.2. This design is 
important in order to keep adequate pressure on the sensors 
and thus ensures contact between sensor and scalp. The headset 
has concealed and restrained electrode cables; eliminating cable 




FIGURE 2 | Schematics of the adapted double layered actiCap. Left: 
Cap with an electrode whose wire enters into the cap layer. The black cable 
is on the surface and it is depicted as a dashed line as it enters into the first 
layer of the cap. It leaves the cap at the bottom. Right: Close-up of a 
transverse view of an electrode inserted in the cap. A, Electrode; B, Plastic 
electrode holder; C, Upper cap layer. D, Lower cap layer. The green plastic 
electrode holder helps to fix both layers and the electrode. The cable 
passes trough the first layer to be fixed between both layers. 





FIGURE 3 | Left: Subject wearing the headset. Reference electrodes are 
allocated on the side of the neck. Middle: View from the interior part of the 
headset with the structure that holds the electrodes. Right: Headset 
maintains its shape when not utilized. Picture, courtesy of Cognionics 
(Cognionics, Inc., San Diego, CA 92121). 



movement and thus cable noise. Additionally, it seems to require 
minimal preparation and only small adjustments on pressure to 
ensure adequate signal collection. 

3.2. SPATIAL LOCALIZATION OF ELECTRODES 

Source localization techniques attempt to determine the genera- 
tors in the brain that gave rise to a given scalp potential map. This 
is done by combining the EEG data with MRI images, thus pro- 
viding a 3D representation of the possible cortex electric activity 
sources. However the accuracy of source localizations is influ- 
enced by the precision of the spatial localization of the electrodes 
in a 3D volume (Wang and Gotman, 2001). The information 
about electrode positions allows for the co-registration of the 
sampled EEG data with the study participant's own anatomy. 
(Michel et al, 2004). Three steps are necessary to obtain EEG sen- 
sors localizations: digitization of the electrode positions, electrode 
labeling and finally coregistration of the labeled 3D positions on 
the on the headmodel (Koessler et al, 2010). For more details on 
EEG source imaging readers can consult other studies (Grave de 
Peralta-Menendez and Gonzalez-Andino, 1998; Pascual-Marqui, 
1999; Michel et al, 2004; Hallez et al., 2007). 

Several methods exist to determine the electrode positions. 
The first and most described method is the 10-20 system, in 
which the electrode distances between adjacent electrodes are 
either 10 or 20% of the total front-back or right-left distance of 
the skull (Jasper, 1958). This system is limited, because the place- 
ment of electrodes is user dependent, therefore prone to inherit 
error of subjectivity. It also does not account for small inter 
electrode positioning differences and the subject's own anatomy. 
Furthermore, many of todays EEG electrode systems are imple- 
mented on elastic caps or some other kind of structure that allows 
a faster placement of electrodes on the head. Electrodes integrated 
in this kind of structure have a roughly pre-determined position, 
which adapts to the person's head (Michel et al., 2004). 

To address these problems, researchers have several options 
that digitize positions of each electrode: The ELPOS sys- 
tem (Zebris Medical GmbH, Max-Eyth-Weg 43, D-88316 Isny, 
Germany) and the FastTrack system (Polhemus Inc, 40 Hercules 
Dr, Colchester, VT 05446, United States of America) can be used 
for this purpose. These systems automatically label each electrode. 
However, the digitalizations take about 20-40 min or more when 
multiple electrodes systems are employed and are user depen- 
dent, as the user must touch each electrode in order to acquire it's 
position. A study from Engels et al. (2010) further exposes some 
limitations and factors that influence the precision of systems 
such as FastTrack. 

A less user dependent method for acquiring electrodes posi- 
tions was described in the patent EP 2 561 810 Al by Engels et al. 
(2011). This method uses at least 14 cameras that are arranged 
around the subject to determine the positions of reflective mark- 
ers attached to the electrodes. The system detects and labels the 
electrodes automatically. However this method also needs an MRI 
scan of the person's head and a laser digitized scan of part of the 
person face and head, which is time consuming, impractical and 
expensive. 

Russell et al. (2005) describes a photogrammetry system. This 
device shows reliable results and seems easy to use. A limitation 
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FIGURE 4 | Schematic of an over head holder for EEG amplifiers. 

A, Amplifier; B, Arm holding the amplifier; C, Subject running on a 
treadmill (D). 



may be that this system only works with a geodesic electrode 
array from Electrical Geodesies (Electrical Geodesies Inc., Eugene, 
Oregon, United States of America). 

Ettl et al. (2013) demonstrate another optic system for the 
spatial detection of electrodes. This system is user independent, 
highly accurate and fast. It uses a hand-held, motion-robust, opti- 
cal sensor based on Flying Triangulation (Ettl et al., 2012). The 
measurement occurs when a single-shot sensor acquires images 
yielding sparse 3D data. Afterwards, the data is aligned and the 
current measurement process is visualized in real time. Then, a 
dense 3D model of the object is obtained (Ettl et al., 2013). This 
system shows promise, although, it still does not detect and label 
electrodes automatically. 

3.3. WIRED AND WIRELESS EEG SYSTEMS 

Brain activity may be recorded by means of wired or wireless 
EEG systems. Nevertheless, study possibilities differ substantially, 
according to the systems' characteristics and as subjects are more 
restrained with a cable system than with a wireless system. Here 
we describe some of these systems and propose some means for 
allowing the recording of EEG during motion with wired systems. 
Additionally we review wireless systems that show promise for 
recording EEG during motion. Finally, we present suggestions on 
how to decrease motion related artifacts and suggest software for 
recording brain and body dynamics during movement. 

3.3. 1. Wired EEG Systems 

With wired EEG systems the subject must remain constrained to 
a location and move only in that area. However, some solutions 
for the use of cable based EEG system during movement exist: 

Most EEGs recorded while moving were performed using a 
cycle ergometer. The reason for this is that cycling does not 
create stepping impacts that provoke strong neck muscle con- 
tractions and electrode movements. Typical examples of studies 
that employed this methodology and successfully filtered the data 
to remove most artifacts are Brummer et al. (2011), Hilty et al. 
(2011), and Schneider et al. (2013). A strategy used by Jain et al. 
(2013) can further help with artifact reduction during cycling. 
Jain et al. (2013) used a recumbent cycle ergometer in an attempt 
to decrease neck muscle contractions, electrode movements and 
other motion-induced artifacts. 

For other tasks, such as running or walking, we may look at 
the examples of Gramann et al. (2010), Gwin et al. (2010, 2011), 
and De Sanctis et al. (2012). They used a customized wired EEG 
system that allowed the subject to run on a treadmill. The elec- 
trodes cables were attached to the amplifier mounted above the 
head as seen in Figure 4. However, the subject's movements were 
restricted due to the limited cable length. This method allows 
the recording of EEG during walking or running, although cable 
movements induce extra noise to the data (Gwin et al., 2010). This 
showed how important it is to restrain the cables and make use of 
solutions like the ones shown in section 3.1.3. 

Researchers may also utilize a modified overhead crane in a 
large room, as shown in Figure 5. The overhead crane carries the 
amplifier and a pre-recording system above the subject's head, 
which in turn is connected by cables to the computer that records 
the data. This system allows the subjects to move around the 



designated large space. The overhead crane movements can be 
controlled by a feedback loop mechanism using proximity sen- 
sors, information from a MOCAP system or simply by manual 
control. Additionally, the overhead crane movements can be con- 
trolled by a passive system that consists of a cable attached to 
a body harness or vest, worn by the subject and each time the 
person moves, it induces it to move along. 

3.3.2. Mobile EEG systems 

Recently, developers have optimized wireless EEG systems that 
facilitate mobile recordings of brain activity. These offer an 
advantage compared to wired systems because the person is less 
restricted in movement range and types. The electronics are much 
smaller than in the conventional devices and allow the replace- 
ment of cables that transmit the data from the EEG cap to the 
computer. 

The MOVE system, in Figure 6, replaces the cables between the 
electrodes system and the amplifier. After connecting the trans- 
mitter to the electrode control box, the data is transmitted via 
radio signals to the receiver which then sends the data to the 
amplifier. The transmitter pre-amplifies and digitizes the raw sig- 
nals from the electrodes. The receiver then converts the signal 
back to an analog signal. This system can be used in addition 
to wet active electrodes system, such as the actiCAP from Brain 
Products. Moreover, the MOVE system works with several types 
of EEG amplifiers. 
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FIGURE 5 | Concept and schematics of the adapted overhead crane. In 

this figure we can see the relative position of the subject and the overhead 
crane. A, Wall mounted lateral rails; B, Movable central beam; C, Amplifier 



C 




can be moved along the central beam; D, Data cable between EEG cap and 
the amplifier. The subject (E) can move freely in the measurement volume 
that is covered by the overhead crane. 




FIGURE 6 | MOVE wireless EEG acquisition system with amplifier. Left: 
Transmitter, which is carried by the subject. Right, top to bottom: (1) 
Receiver with a small battery inserted, (2) Battery pack, (3) Amplifier. These 
are the static parts of the system. Picture, courtesy of Brain Products (Brain 
Products GmbH, 82205 Gilching, Germany). 



A study by Bulea etal. (2013) demonstrates the use ofthe wire- 
less system MOVE. The video part of this study can be found via 
the link http://www.jove.com/video/50602/. In this study the sub- 
jects perform a series of exercises during data acquisition such 
as walking through a predetermined course in a large room, sit 
to stand and treadmill walking. Kilicarslan et al. (2013) used the 
MOVE system to acquire the brain activity of a paraplegic patient 
who controlled an exoskeleton with his thoughts. 



Each MOVE unit can host a maximum of 64 electrodes. 
However, up to 5 units can be used at the same time in parallel for 
additional channels, or testing more than one subject at the same 
time. This receiver works best when it is less than 6 m distance 
from the transmitter. Whenever the connection is interrupted, 
the receiver sends a TTL marker to the amplifier and a second 
one when the connection is reestablished and stable. This allows 
the user, during the analysis phase, to know when the problem 
occurred. This may be a limitation, as it requires close proximity 
to the receiver or spatial dislocation of the receiver. All compo- 
nents, including the electrodes system, are powered by small long 
life lithium batteries, which hold the system functional for about 
9h. The manufacturer also specifies that the system has 16 bit 
resolution and operates at a maximal sampling rate of 954 Hz. 

Another available system that allows high-density EEG record- 
ings is the eegosports™ from ANT-Neuro. In an innovative 
project, much like Kilicarslan et al. (2013), researchers utilize this 
system to create a brain controlled exoskeleton, with the pur- 
pose of optimizing the rehabilitation of paraplegic patients. The 
MINDWALKER Project (Gancet et al, 2012) can be accessed 
under https://mindwalker-project.eu. 

The eegosports wireless system uses a different approach: 
it uses a small amplifier and a VAIO™ Ultrabook® (Sony 
Corporation, Konan, Minato-ku, Tokyo 108-0075, Japan) laptop 
worn in a small backpack. EEG signals enter the device at the 
connectors and are pre-amplified. Afterwards, they are sampled 
in an A/D converter located in the amplifier case. The signals 
are amplified and pre-recorded locally. The computer sends the 
data wirelessly to the remote computer where it is stored. This 
approach allows for the temporarily store data during unstable 
connections. The risk of lost data is thus minimized. The sys- 
tem has the maximum capacity of 64 EEG electrodes and part of 
these can be used as EMG bipolar electrodes. Furthermore, this 
system works with the ANT 64 EEG electrode array WaveGuard 
cap. As described in section 3.1.3, the two layers of fabric fix 
the electrode cables, thus potentially reducing cable movement 
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FIGURE 7 | ANT-Neuro eegosports™ wireless EEG system. Left: Posterior view: A study participant wearing the EEGOSPORTS WaveGuard EEG cap. The 
cap cable goes inside the backpack where it connects to the amplifier and Ultrabook. Right: Lateral view. 



artifacts created during motion. However, this cap utilizes passive 
electrodes with all disadvantages compared to active electrodes 
systems, even though these are shielded electrodes. Nevertheless 
the data obtained in a mobile setting is of sufficient quality for 
use in sophisticated analysis (Ehinger et al., 2014). The ampli- 
fier weights around 500 g. The whole system is light and small 
enough for a person to transport it (Figure 7). No cables restrict 
the person to any location. One issue is the temperature gen- 
erated by the laptop, which may become uncomfortable and 
change the subject's body temperature. This increase in body 
temperature is undesirable as it may cause the subject to sweat. 
An advantage of this system is a maximum sampling rate of 
2048 Hz and a resolution of 24 bit. Similarly, the eegosports 
is powered by integrated batteries with an operating time of 
up to 6 h. 

The last wireless system we would like to describe is the 
Cognionics wireless EEG acquisition unit with 64 channels with a 
maximum sampling rate of 300 Hz. This unit encloses the digitiz- 
ers, amplifier, micro controller and wireless transmitter as shown 
in Figure 8. This system uses standard 1.5 mm touchproof lead 
wires, thus is compatible with any device that utilizes touch- 
proof connectors. The data is wirelessly transmitted via Bluetooth 
within a range of about 10 m. The system is also compatible 
with any computer, tablet or phone supporting the Bluetooth 
RFCOMM/Serial Port profile. The amplifier has a built in wire- 
less trigger receiver. Therefore, it can work with transmitters such 
as the ones mentioned in section 3.5.3. Two AAA ( 44.5 mm 
in length and 10.5 mm in diameter) batteries can feed the sys- 
tem for about 6 h of data streaming. Table 1 summarizes the 
characteristics of the described systems. 



Other wireless systems solutions are g.tec (g.tec medical engi- 
neering GmbH, Sierningstrasse 14, 4521 Schiedlberg, Austria) 
and Mindo (National Chiao Tung University Brain Research 
Center, 1001 Ta-Hsueh Rd., Hsinchu 30010, Taiwan). It is beyond 
the scope of this paper to explore every system and their capa- 
bilities in detail. We exposed the main features of some systems 
and we advise researchers to choose the system that suits their 
needs best. 

3.4. RECORDING BODY DYNAMICS 

MOCAP and Electromyography (EMG) can be recorded simul- 
taneously and synchronously combined with EEG recordings in 
order to obtain body spatial and muscular dynamics, correspond- 
ing to the specific brain activities occurring in a time window 

(Makeig et al, 2009; Gwin et al, 2011; Bulea et al, 2013). 

3.4.7. Motion Capture 

MOCAP is the digital acquisition of movement through the use 
of computers. There are a few methods for the acquisition of 
movement: 

• Mechanical means: the person wears a kind of exoskeleton and 
when moving, sensors detect changes in position (Calvert et al., 
1982; Sharma et al, 2013). 

• Electromagnetic methods: The subject wears magnetic 
receivers (markers), which track the location relative to an 
immobile magnetic transmitter (Sharma et al., 2013). 

• Inertial sensor methods: Inertial sensors such as accelerometers 
and gyroscopes as well as magnetometers attached to a subject's 
body build up a body sensor network. Through a combination 
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FIGURE 8 | Cognionics wireless EEG acquisition unit. This unit holds the 
digitizers, amplifier, micro controller and wireless receiver. It is designed to 
work with standard 1.5 mm touchproof lead wires. Picture, courtesy of 
Cognionics (Cognionics, Inc., San Diego, CA 92121). 
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of the information, one can obtain joint angles and acceler- 
ations (Cooper et al., 2009; Fong and Chan, 2010; Sabatini, 
2011). 

Optical methods: A person wears light reflective (passive) 
or emitting (active) markers (Sulivan et al, 2006; Tobon, 
2010). Cameras track these markers and the system calculates 
their location through triangulation methods. There are also 
markerless methods based on computer vision (Gavrila, 1999; 
Poppe, 2007). 
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Motion related studies predominantly utilize infrared MOCAP 
methods because of its reliability and accuracy. Thus we explain 
here this method in more detail. Most MOCAP systems use reflec- 
tive markers. Dedicated software combines the acquired images 
from different positions and by triangulation techniques it tracks 
the marker's positions in space. By repeating the acquisition over 
time, during a movement, the system is capable of describing 
the trajectory of an object. Systems, such as the ones provided 
by Vicon ( Vicon Motion Systems Ltd., Oxford, United Kingdom) 
and systems from Qualysis (Qualisys AB, Gothenburg, Sweden) 
use such methodology. 

The cameras' set-up is important, as at least 2 cameras must 
see each reflector marker to allow for triangulation. Whenever a 
marker is not visible by a camera, it is called an occluded marker. 
The addition of extra cameras may solve this problem during 
motion. A camera set-up of eight units is in general sufficient 
to capture body dynamics while walking or running. The space 
where the markers can be visualized by the cameras is called 
volume. The larger the volume, the more cameras with will be 
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required thus allowing that 2 or more cameras can track the 
markers at all times (Tobon, 2010). 

When recording body dynamics, the placement of the 
reflective markers is important for data interpretation and 
movement modeling. Marker positions can differ amongst 
manufacturers and laboratories, which can sometimes create 
difficulties when comparing results. C-Motion's (C-Motion, 
Inc., Germantown, MD, United States of America) suggestion 
for markers placement can be found at the following location: 
http://www.c-motion.com/v3dwiki/index.php?title=Marker_Set_ 
Guidelines#cite_ref-Serge_0-0. This suggestion from C-Motion 
also includes a well known markers placement guideline known 
has the Helen Hayes markers set (Kadaba et al., 1990). In order 
to place the markers on a person's body, C-Motion recommends 
to follow palpation guidelines of skeletal landmarks according to 
van Sint Jan (2007). 

For MOCAP of locomotion over long distances and natu- 
ral environment, i.e., field tests, Ojeda et al. (2013) developed a 
MOCAP mobile platform. The device consists of a wheeled plat- 
form that moves along with the walking subject. The cart position 
must be known in order to determine the subject's position. The 
authors present several methods and conclude that these meth- 
ods are practical to be implemented with present-day sensors 
that grant accuracy of better than 1% over arbitrary distances. 
Therefore, researchers can possibly realize full body and brain 
dynamics recordings in an outside environment. 

3.4.2. Surface electromyography 

There are two kinds of electromyography (EMG): sEMG (surface 
EMG) and intramuscular EMG, which is an invasive technique 
involving needles. In this paper, we only address sEMG. In its 
essence sEMG is a technique that allows the evaluation of mus- 
cle activity by recording the electric activity produced by mus- 
cles. sEMG signals are the superimposed motor unit potentials 
(MUAPs) from several motor units. sEMG is recorded similarly 
to EEG, i.e., by placing an electrode in contact with the skin. 

Researchers and clinicians use sEMG in applications for the 
non-invasive assessment of the neuromuscular structure func- 
tions. Areas of application of sEMG methods include sport 
science, neurophysiology and rehabilitation. From the sEMG 
recordings, researchers and clinicians can monitor muscle activa- 
tion patterns in order to identify pathologies or evaluate therapies 
and sports performance (Rainoldi et al, 2004). 

sEMG acquisition is performed by placing a bipolar electrode 
in contact with the skin above the targeted muscle of inter- 
est. The positioning of the electrodes, condition of the skin and 
electrode type, are important factors for adequate signal acquisi- 
tion. Therefore, guidelines for EMG acquisition and EMG data 
analysis and reporting, were developed by the project Surface 
ElectroMyoGraphy for the Non-Invasive Assessment of Muscles 
(SENIAM) (Hermens and Freriks, 1999; Hermens et al, 2000) 
http://www.seniam.org and the Society of Electrophysiology and 
Kinesiology (ISEK) (Merletti and Di Torino, 1999) http://www. 
isek-online.org. 

SENIAM offers guidelines for sensor types, placement and 
location. However, we suggest that researchers use sensor loca- 
tion references that best suit their experiments. Examples of other 



references for sensor positioning are Rainoldi et al. (2004) for 
lower limb muscles and Forsberg and Hellsing (1985); Schtildt 
et al. (1987) for electrode locations on the face, head and neck 
muscles. 

Developments in wireless devices help reduce cable movement 
artifacts and increase the freedom of movement. Wireless EMG 
use is therefore a good choice when brain and body recordings 
take place in a mobile setting. EMG wireless systems offered by 
Noraxon (Noraxon USA Inc., Scottsdale, Arizona, USA) such as 
the Desktop Direct Transmission System (DTS) can hold up to 
16 channels and sample at a rate up to 3000 Hz. This system 
utilizes small lightweight probes attached to the electrodes, pre- 
amplify the signal and transmit it wirelessly over a distance of up 
to 20 m. The DTS can also utilize other biomechanical sensors like 
goniometers, inclinometers, foot switches and can be combined 
with MOCAP. 

Another wireless EMG system is the Trigno™ Wireless system 
(Delsys Inc. Massachusetts, USA), which uses dry EMG elec- 
trodes. The sensors include integrated triaxial accelerometers with 
motion artifact suppression and can be synchronized with motion 
capture. The Trigno Wireless supports 16 EMG channels, 48 
accelerometer channels, a sampling rate of 2000 Hz and a trans- 
mission range of 40 m. Similarly to EEG systems, the literature is 
lacking in studies that compare EMG acquisition systems and the 
signal quality obtained. 

3.4.3. Force plates, IMUs, and eye tracking 

As researchers are not only interested in investigating the kine- 
matics but also the kinetics of a subject's movements, force plates 
play an essential role in biomechanics. Usually composed of a 
plate with integrated piezoelectric sensors or strain gauges, force 
plates provide information about the forces exerted on the ground 
and equivalently the ground reaction forces acting on the body. 
Inverse dynamics algorithms can then be applied to determine 
the forces and moments acting on the body and joints during 
dynamic movements such as gait, running, cutting movements 
etc. (Robertson et al, 2004). 

As single force plates can pose problems with acquiring valid 
data due to bad foot placement which in turn requires a high 
number of trials (Oggero et al., 1998), a more and more common 
way to acquire kinetics during gait and running are instrumented 
treadmills. For measuring each foot separately during gait with 
double limb support phases, split-belt instrumented treadmills 
are used. The advantage of using instrumented treadmills is that 
data can be recorded continuously allowing measurements with a 
high number of strides in less time. Nevertheless, the gap in split- 
belt instrumented treadmills might affect kinematics and kinetics 
as the base of support is increased (Lee and Hidler, 2008; Altman 
et al., 2012) and familiarization is advised (Zeni and Higginson, 
2010). 

The measurement of forces acting directly on the body dur- 
ing cycling is possible through force measuring pedals that act as 
mobile force platforms. Strain gauges attached to a pedal spin- 
dle in a Wheatstone bridge configuration allow for measuring the 
tangential and normal forces in the sagittal plane (Reiser et al., 
2003). Furthermore, in order to assess human sensorimotor inter- 
actions during cycling, the seat as well as grip forces and torques 
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may be measured with sensors attached to the seat supporting rod 
and the stem or handle bars (Zhang et al, 2012). 

Inertial measurement units (IMUs) such as accelerometers, 
gyroscopes, and magnetometers allow subjects to move unre- 
stricted of a MOCAP system's measuring volume. IMUs attached 
to the subjects body measure its kinematics. The combination 
of these body sensors can then be fused to estimate joint angles 
(Cooper et al, 2009; Sabatini, 2011; Tadano et al., 2013). Further 
advantages are the low costs and the small size that makes mea- 
surements unobtrusive and implementable in realistic everyday 
measurements. Wireless synchronization can ensure the synchro- 
nization with other hardware components mentioned before. 
When not using internal storage on data storage devices, the qual- 
ity of wireless communication links must be ensured to guarantee 
transmission to a data recording station (Hanson et al, 2009). 
Specialized calibration procedures or other reference systems are 
required for the correct alignment of the sensors to the body and 
angle estimation (Favre et al., 2009). The gold standard for mea- 
suring joint angles, especially during highly dynamic movement 
is therefore still a marker based MOCAP system. 

Because there is a close relationship between vision and move- 
ment control, the synchronous analysis of gaze and motion 
plays an important role in current research (Ketcham et al., 
2006; Heinen et al., 2012; Causer et al., 2013). Recently, Essig 
et al. (2012) presented a modular approach to combine infrared 
MOCAP systems and mobile eye trackers for the analysis of the 
3D gaze vector within the 3D MOCAP volume, while traditional 
eye trackers relate the gaze only to 2D video positions. One step 
calibration procedures can ensure the coherence between the gaze 
direction and the MOCAP system. The integral approach allows 
studying gaze during dynamic movement tasks whereas tradi- 
tional studies were usually carried out under artificial laboratory 
conditions. Researchers are thus able to investigate perception, 
attention and eye-body-environmental interaction in realistic 3D 
environments and during realistic tasks in a integral approach. 

The libGaze library presents an open-source framework to 
combine eye tracking with MOCAP systems for real-time track- 
ing of gaze and the observer's positions (Herholz et al., 2008). 



As commercial solution, the Vicon MOCAP system and the 
Ergoneers Dikablis Eye Tracking Solution represent a closed 
approach in Vicon Nexus analysis software to track the body's 
position and the 3D gaze vector. Version 2.9 of the Qualisys Oqus 
camera system also supports the Ergoneers Dikablis eye and 3D 
gaze vector tracking. 

3.5. DATA RECORDING 

3.5. 1. Reducing artifacts during data recording 

In order to deal with artifacts mentioned in section 2.1 during 
data recording, we present some recommendations. 

To deal with salt and sweat bridges short exercise tasks with 
resting intervals in an air conditioned room are recommended. 
To further maintain body temperature, subjects can wear a cool- 
ing ventilation vest during exercise (Pohr and Vogler, 2007). A 
modified version of this vest can accommodate parts of the EEG 
system as depicted in Figure 9. The vest opens completely and is 
only attached to itself in the middle section. A study by Barwood 
et al. (2009) shows that subjects wearing a cooling vest exercised 
for 18% longer time, required less rest and maintained a skin 
temperature lower than in control subjects. Thus, a ventilator 
vest can perhaps compensate for the increased heat, created by 
wearing EEG equipment during motion, and improve subject's 
performance. 

To avoid electric artifacts, the recording area should be free 
of sources of electric interference like engines or radiation emit- 
ting devices. Mains hum create an electrical artifact at 50 or 
60 Hz frequencies, for Europe and USA respectively. Notch fil- 
ters can reject this artifact during post recording analysis. Further, 
ensuring a qualitatively good connection and online impedance 
check are essential in order to obtain a good signal. Finally, 
cables active shielding implementation help to reduce electrical 
noise. Solutions presented in section 3.1 reduce electrodes and 
cable movements. As mentioned previously, the use of a doubled 
layered cap effectively holds the electrodes and cables, thus min- 
imizing this kind of artifact. In addition, researchers can use low 
impedance output active electrodes that pre-amplify the signal at 
scalp level. 




FIGURE 9 | Schematics of the modified cooling vest. Left: Front of the 
vest. Right: Back of the vest. A, Hook and loop strap bands for vest size 
adjustment and fitting; B, Strap bands for cable holding; C, Integrated cooling 



unit; D, Strap bands for holding EEG equipment, such as electrode boxes or 
transmitters. Blue arrows indicate the flow of cool air which enter the vest. 
Red arrows indicate the flow of hot air, which leave the vest. 
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Muscle activity creates a major source of noise during record- 
ings. EMG has amplitudes from 100 to 1000 /xV at frequencies 
from about 5 to 450 Hz. Brain activity also occupies this frequency 
range, raging from 0 to 100 fiV. EMG artifacts dominant ampli- 
tude is in the 50 to 150 Hz band while about 90% of the EEG 
spectral power is present in the 1 to 30 Hz band. Therefore, when 
muscle activity is present, it affects much of the EEG (Shackman 
etal, 2009). 

Due to these aspects, EMG artifacts reduction is conducted 
during the signal pre-processing phase by computational meth- 
ods, for instance ICA (Bell and Sejnowski, 1995; Makeig et al., 
1996). In this category eye blinks, cardiac and other arti- 
facts of electromyogenic nature are also reduced during the 
pre-processing phase. However, adequate signal acquisition is 
required for better results when using ICA methods. In section 4.2 
we describe some computational methods for dealing with these 
artifacts and reducing their presence in the recorded data. Other 
suggestions during recording to avoid muscle artifacts include the 
instruction and training of the participants to swallow and eye 
blink during the intervals of short recordings and avoid severe 
face and head muscle contractions during exercise such as weight 
lifting. 

3.5.2. Data acquisition settings recommendations 

The data acquisition settings are an important step in the study 
design. Adequate data sampling allows successful artifact reduc- 
tion using ICA methods and provides better results. Also for body 
dynamics recording, adequate sampling rates and the numbers of 
samples are necessary, depending on the hardware and analysis 
methods. 

In infrared MOCAP, an adequate sample rate is required to 
allow to capture movements. For running a sample rate between 
120 and 250 fps should be sufficient. For instance, Gwin et al. 
(2010, 2011) used a sample rate of 120 fps for running speed of 
1.9 m\s. De Sanctis et al. (2012) utilized a capture rate of 100 fps 
for a speed of 1.39 m\s. For faster movements though, such as 
throwing or hitting, an increased sampling rate might be required. 

For EMG sampling, a minimum of 1000 Hz sample rate is 
recommended by SENIAM and ISEK. This is based on the sig- 
nal ranges since the significant EMG activity happens between 5 
and 450 Hz. We also advise the use of standard consensual EMG 
sensor locations and follow recommendations of the SENIAM or 
ISEK. These may perhaps not be the ideal for every muscle group 
but it offers a base of comparison for researchers between stud- 
ies. This way studies are easier to be compared (Viitasalo and 
Komi, 1977; Komi and Tesch, 1979; De Luca, 1997; Merletti and 
Di Torino, 1999; van Boxtel, 2001). 

When using ICA based methods for EMG artifact removal, it 
is necessary to acquire enough data for the algorithms to work 
adequately. With Adaptive Mixture of Independent Component 
Analyzers (AMICA), 10,000 muscle samples may be enough find 
to the muscle components (Palmer et al., 2011; Delorme et al., 
2012). Also when using ICA based methods, it is debatable how 
many data samples are necessary to find the different compo- 
nents. The EEGLAB FAQs web page http://sccn.ucsd.edu/~scott/ 
tutorial/questions. html recommends to use at least the square of 
the number of channels. In a paper from Makeig et al. (1999) 



the authors used over six times the number of necessary input 
points and ICA, which allowed for the identification of three spa- 
tially fixed, temporally independent, behaviorally relevant, and 
physiologically plausible components. 

Furthermore, simultaneous direct acquisition of EMG signal 
from the neck muscles that induce most artifact during move- 
ment (Gramann et al., 2010), can help detecting noise compo- 
nents and their subsequent exclusion. Thus, researchers can place 
EMG or EEG electrodes below the nuchal line and above the C7 
process to measure activity of the muscles that provide stability 
to the head during motion. Also, sternocleidomaistoideus mus- 
cles perform an important role in head stabilization. Due to this 
stabilization function, these muscles activity, can induce artifacts. 
Hence, their EMG should be recorded in order to facilitate artifact 
removal. Researchers can consult Forsberg and Hellsing (1985), 
Schiildt et al. (1987), and Leutheuser et al. (2013) for suggestions 
of locations for these electrodes. 

Subject's safety is important when performing recordings of 
exercises. The American College of Sports Medicine (ACSM) pro- 
vides guidelines for exercise testing and prescription (Pescatello 
et al, 2013). These guidelines give indications to clinicians and 
scientists on how to perform exercise testing in healthy and 
unhealthy subjects and termination criteria based on physical and 
physiological signs. Lastly, the Borg scale of rates of perceived 
exertion provide a measurement tool to monitor the partici- 
pant's performance and fatigue during exercise testing (Lollgen, 
2004). The Borg scale measurements are correlated with oxygen 
consumption and heart rate. 

3.5.3. Brain and body data acquisitions synchronization 

Synchronization of the measurement devices in the millisec- 
ond range is necessary when investigating different modalities 
(motion capture, force plates, EEG, EMG, etc.) simultaneously 
during movement. Even slight time shifts between the single 
devices potentially lead to a misinterpretation of the obtained 
results. Synchronization is also important for real-time analy- 
sis, since time shifts have immediate effects. The data from the 
acquisition devices are usually asynchronous due to different 
internal clocks, sampling rates, network and operating system 
delays (Delorme et al., 2011). Delorme et al. (2011) proposed 
a software approach for data streaming management with near 
real-time synchronization capabilities. 

This software approach has evolved into the open-source 
project known as the lab streaming layer (LSL). This is a data 
acquisition system developed by Christian Klothe from the Swartz 
Center for Computational Neuroscience, Institute for Neural 
Computation, University of California San Diego, USA. LSL 
allows the exchange of time series between devices, programs and 
computers. It's a system for the unified collection of measurement 
time series in research experiments. It consists of a core transport 
library and a series of tools. These tools include a recording pro- 
gram, online viewers, importers and acquisition software. These 
acquisition programs can acquire data from various hardware 
including EEG, eye tracking, motion capture, force plates, etc., 
from several manufacturers. 

The built-in time synchronization in LSL relies on clock off- 
set measurement and a timestamp for each sample which are 
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collected alongside with each actual sample data. The recording 
program included with LSL, the LabRecorder, collects the infor- 
mation, including time stamps and clock offsets, for every stream 
and stores it. Interested readers can consult the LSL google code 
page at https://code.google.eom/p/labstreaminglayer/ for details, 
downloads and related documentation. 

Another way to synchronize several devices is to use hard- 
ware synchronization. This is usually achieved trough use of 
TTL (transistor-transistor logic) signals, via coaxial trigger cables 
with BNC connectors between the devices. This eliminates poten- 
tial software synchronization delays. There are several possible 
hardware synchronization implementations: 

• To start the measurement, the system can use an initial syn- 
chronization pulse by an external trigger. Possible trigger 
devices are push buttons, optical systems such as photo sen- 
sors or other sensors that sense an initial movement. This 
method is only feasible for short measurements since a possible 
time drift due to the different internal clock's accuracies may 
lead to cumulative desynchronization between the devices with 
increasing measurement time. 

• In order to avoid desynchronization, continuous synchroniza- 
tion at a fixed frame rate can be implemented. This method 
requires a master timebase, which regularly sends out syn- 
chronization pulses to the attached devices. Nowadays camera 
systems such as Qualisys Oqus system provide either exter- 
nal frequency outputs or locking into external synchronization 
input pulse sequences (Maidhof et al, 2013). 

• Additionally, researchers can use wireless synchronization. The 
custom-built system proposed by Kugler et al. (2012) for the 
synchronization of wearable sensors with external devices is 
also feasible for the synchronization of devices such as mobile 
EEG with MOCAP cameras. Alternatively, researchers can use 
commercial systems, such as the Cognionics wireless triggering 
system http://cognionics.com/index.php/products/trigger. 

4. DATA ANALYSIS SOFTWARE AND ARTIFACT REMOVAL 

TECHNIQUES 
4.1. SOFTWARE FOR DATA ANALYSIS AND VISUALIZATION 

To visualize and analyze synchronously captured data some 
options exist. Data acquired with the LSL software can be read 
by the MoBILAB software package. This software contributes to 
the Mobile Brain/Body imaging (MoBI) concepts put forward 
by Makeig et al. (2009). MoBILAB is designed by Alejandro 
Ojeda, also from the SCCN, with Nima Bigdley Shamlo and 
Christian Kothe. Now, this package runs as a standalone, open 
source, cross platform toolbox for Matlab (The MathWorks, 
Inc., Natick, Massachusetts, USA). MoBILAB supports the anal- 
ysis and visualization of synchronously recorded EEG data, 
motion capture, EMG data and environmental data as seen in 
Figure 10. 

In the issue of this same paper, Alejandro Ojeda dedicates an 
article to the MoBILAB software. Therefore, it is irrelevant to 
further detail this software here. For details, readers are invited 
to consult Ojeda et al. (2014) and the wiki page http://sccn.ucsd. 
edu/wiki/Mobilab software. 



A further possibility is a subsequent usage of biomechanical 
analysis and signal analysis software, such as Visual3D™ (C- 
Motion, Inc., German town, MD, United States of America) and 
EEGLab (Delorme and Makeig, 2004) or other signal analysis 
software. Visual3D is a product for 3D MOCAP data analysis 
and biomechanical modeling. It provides signal processing and 
biomechanical analysis tools such as 6° of freedom modeling, 
inverse kinematics and dynamics and can thus determine the 
joint angles, powers, moments, forces, velocities and accelera- 
tions during motion. Additionally, time series segmentation can 
be conducted with Visual3D, for example for gait cycle segmen- 
tation or any other movements using event detection based on 
minimum/maximum search, thresholding or template compari- 
son on any calculated biomechanical parameter. When exported 
to EEGLab, the segmentation time stamps can be of further 
use, provided synchronized measurements, brain and muscle 
activity can thus be directly linked to the corresponding move- 
ments. In EEGLab, the user can then proceed with the necessary 
EEG signal analysis such as source localization for the specific 
movement task. 

4.2. ARTIFACT REMOVAL METHODS 

Signal artifact reduction procedures combine various approaches 
and routines to EEG artifact detection and removal. Overall, arti- 
fact removal procedures can be divided into basic and advanced 
processes. The basic stage of artifact removal focuses on environ- 
mentally induced artifacts such as cable noise, power line noise 
and impedance increase. These can be removed mostly by band 
and notch filters. The advanced stage involves the removal of 
EMG and other artifacts through methods such as ICA (Bell and 
Sejnowski, 1995; Makeig et al, 1996). Here we suggest a compi- 
lation of several artifact removal procedures. Figure 1 1 describes 
the complete procedure. 

We suggest the REMOV process as the first stage of data clean- 
ing thoroughly described in Artoni et al. (2012). In this step, 
most of the environmental artifacts are removed through filter- 
ing and noise segments rejection using BCILAB tools (Kothe and 
Makeig, 2013) available for download at http://sccn.ucsd.edu/ 
wiki/BCILAB. Application of band pass filters is the inclusion of 
frequencies of interest and exclusion of other less interesting fre- 
quencies and noise. The REMOV procedure includes the removal 
of eye blinks but not the removal of EMG, heart and loose elec- 
trodes artifacts. The combination of the REMOV process with 
other procedures allows further reduction of artifacts. 

For the removal of the remaining artifacts (heart beat, loose 
electrodes, ocular movements, muscular activity), researchers can 
use ICA methods and EEGLAB compatible tools for further 
processing. As of today, there exists several variations of ICA algo- 
rithms. We advise the use of the Adaptive Mixture of Independent 
Component Analyzers (AMICA) (Palmer et al, 2011) as it out- 
performs other algorithms in decomposing data (Delorme et al., 
2012) and at removing EMG artifacts (Leutheuser et al., 2013). 
Also Gramann et al. (2010); Gwin et al. (2010, 201 1) used AMICA 
successfully to remove walking and running artifacts from EEG 
data. AMICA source code is available at http://sccn.ucsd.edu/ 
-jason/amicaweb.html. After the data is decomposed by ICA, 
noise inducing components must be selected. For the selection of 
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FIGURE 10 | MoBILAB multi-stream browser screen shot. Upper Left: Data stream browser (EEG, EMG, etc.). Upper right: Master browser window. Lower 
left: Motion capture browser. Lower right: Video stream browser. Picture, courtesy of the SCCN and Alejandro Ojeda. http://sccn.ucsd.edu/wiki/MoBI_Lab. 



ICA components, researchers can choose an automatic or manual 
approach. 

Due to the typical problem of the subjective and time con- 
suming selection of ICA components to exclude some researchers 
created automatic component selection tools in an attempt to 
reduce the user dependent factor. An is the Multiple Artifact 
Rejection Algorithm (MARA) (Winkler et al, 201 1), http://www. 
user.tu-berlin.de/irene.winkler/artifacts/. This is a universal clas- 
sifier of ICA components from EEG data. MARA can be used as 
a plugin for EEGLAB. It is based on linear methods and can be 
utilized with different electrode placements. This classifier was 
trained by experts on large data during static and dynamic sit- 
uations. This algorithm identifies components from muscle, eye 
and electrode movements. This is an attempt to automatize the 
time-consuming component selection process. However, we do 
not know of any walking, running or sport related study that 
used MARA. Therefore, its performance is somehow uncertain 
with other movements than the one which the classifier was 
trained with. 

Thus, Gabsteiger et al. (2013) trained a classifier for the 
selection of muscle activity independent components. It is 



designed to cover a diverse selection of exercises that stimulate 
the musculature that most interfere in EEG recordings dur- 
ing movement: the Automatic Classification of Electromyogenic 
ICA Components (ACEMIC). This selection of exercises 
should produce similar artifact patterns as seen in most 
exercises or movements. Evaluation of this classifier shows 
a 93% sensitivity and 96% specificity. ACEMIC is imple- 
mented as a plugin for EEGLab and can be downloaded 
from http://www5.cs.fau.de/research/areas/digital-sports/automa 
tic-classification-of-electromyogenic-ica-components/. 

Users may opt for manual selection of ICA components. 
For this purpose, we suggest users follow indications for data 
decomposition of the EEGLAB manual http://sccn.ucsd.edu/ 
wiki/Chapter09:DecomposingDataUsingICA. EMG and other 
artifact component selection directions, according to their spec- 
tral and topographical characteristics, are given in Goncharova 
et al. (2003) and McMenamin et al. (2010). Components that 
exhibit high spectral power and that are located at the elec- 
trodes of the periphery, are more likely to be myogenic activity. 
Also, the shape of the dipole patters has to be considered. EEG 
activity patterns are more likely to show smooth well-localized 
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FIGURE 11 | Artifact removal process. The first node corresponds to the 
REMOV process as in Artoni et al. (2012). The second node corresponds to 
the data decomposition using AMICA which was used successfully for 
removing movement related artifacts by Gramann et al. (2010); Gwin et al. 
(2010, 2011); Leutheuser et al. (2013). AMICA is a ICA method and for EEG 
data decomposition instructions exist at http://sccn.ucsd.edu/wiki/ 
Chapter_09:_Decomposing_Data_Using_ICA. After signal decomposition 
components must be selected. Users can opt by manual selection or 
automatic selection. Automatic selection with MARA (Winkler et al., 2011), 
http://www.user.tu-berlin.de/irene.winkler/artifacts/ or ACEMIC (Gabsteiger 
et al., 2013) available at http://www5.cs.fau.de/research/areas/digital-sports/ 
automatic-classification-of-electromyogenic-ica-components/. Criteria for 
the manual selection of EMG and other noise components are described in 
Goncharova et al. (2003); McMenamin et al. (2010). The next step is 
component rejection. Components can be plotted and rejected for 
example, using EEGLAB. Optionally, users can perform signal 
decomposition once again. If so, as suggested by the EEGLAB manual for 
ICA decomposition, to run ICA once again the data dimensions need to be 
reduced to the number of remaining components. Thus, users should run 
PCA, as instructed. After run AMICA once more and proceed again with the 
previously described steps. We advise, running AMICA once, remove the 
4-6 (dependent of number of channels) most noisy components, running 
AMICA again and removing again noise components. 



and defined patterns. With these propositions, researchers will 
more accurately identify noise components that should be 
removed. 

It is important to remove artifact components to keep hold of 
neuronal signals. Thus, Figure 12 gives an example of an EMG 
component and an EEG component. The selected components 
according to the criteria from the mentioned studies. The more 
centrally localized component shows higher power in the lower 
frequencies and a drastic reduction in power at frequencies above 
30 Hz, which is consistent with brain activity components. The 
posteriori localized component at the back of the head at the neck 
has power above 30 Hz which is higher than usual for artifact free 



EEG. This is consistent with EMG activity and should therefore 
be rejected (Goncharova et al, 2003). The rejection of the com- 
ponents can be realized with EEGLAB as well. Further, artifact 
reduction techniques can be tested for overcorrection of the EEG 
signals. Gwinetal. (2010) did so by computing the power spectral 
density of the resulting signals and compared spectral power in 
the 1.5- to 8.5-Hz frequency band before and after application of 
AMICA as an artifact removal tool. There was no sign of removal 
of EEG signal. The artifact cleaned recordings were also tested for 
whether in the movement conditions it would be possible to iden- 
tify a ERP time-locked to visual target (oddball) stimulus. These 
were nearly identical to ERPs in the baseline condition (stand- 
ing). For the running condition the ERP was only visible after 
artifact reduction. Therefore with this methodology it is possible 
to remove artifacts during running so that ERPs are identifiable 
similarly to a baseline condition. 

Another interesting and valuable approach is demonstrated by 
Plochl et al. (2012). This study attempted to remove eye move- 
ment artifacts by simultaneously recording eye movements and 
EEG during a guided eye movement paradigm. It resulted in 
the creation of an algorithm, which uses eye movement infor- 
mation to identify eye movement related ICA-components in an 
automatically. Removing the detected ICs from the data resulted 
in the suppression of ocular artifacts including microsaccadic 
spike potentials, while the EEG signal remained unaffected Plochl 
et al. (2012). Ultimately, this study is an example of how record- 
ing body dynamics simultaneously to EEG, can help to reduce 
movement induced artifacts. 

Similar to ICA, Canonical correlation analysis (CCA) is also a 
blind source separation (BSS) method that can reduce the influ- 
ence of EMG artifacts on EEG data (De Clercq et al., 2005, 
2006). BSS-CCA assumes that the autocorrelation of sources 
that are mostly influenced by electromyogenic activity are sig- 
nificantly lower then the autocorrelation of brain sources. The 
user therefore only has to decide how many sources, i.e., com- 
ponents, to reject but not which ones. The toolbox is available 
for download at: http://www.neurology-kuleuven.be/?id=210. 
The BCILAB toolbox (Kothe and Makeig, 2013) includes differ- 
ent filters to remove artifacts. The "clean peaks" filter projects 
events with abnormally high power, e.g., EMG artifacts, out of 
the data. 

5. SUMMARY AND CONCLUSIONS 

In this paper, we demonstrated methods and equipment that exist 
today which allow the recordings of body and brain activity dur- 
ing motion. Hardware, software and techniques were covered. 
These methodologies open a wide range of research opportu- 
nities into the cognition, motion, environment interaction and 
therefore, behavior fields. In fact, recording and analyzing EEG 
during motion remains a challenge and we hope that this paper 
can help researchers who attempt to dwell in this field. It is 
also an intention of this paper, to compile and give structure 
to the amounts of new methods that emerged to offer solutions 
for measuring and analyzing EEG and body dynamics during 
motion. We also speculated about future technologies such as 
using current amplifiers (trans-impedance amplifiers) that may 
allow measuring EEG with higher spatial resolution. We focused 
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FIGURE 12 | AMICA decomposition components. This figure shows two 
components from an AMICA decomposition using EEGLAB for the plots. 
Left: Centrally localized component shows higher power content in lower 
frequencies and a drastic reduction at frequencies above 30 Hz. Right: 



Component localized at the back of the head with high power content above 
30 Hz which is consistent with EMG activity (Goncharova et al., 2003). This 
component should be considered for rejection which can be realized with 
EEGLab. 



on high-density EEG and body dynamics, not addressing the field 
of brain computer interfaces. In future studies it will be neces- 
sary to compare different methods and hardware more often, for 
instance, studies comparing the reliability of different electrodes 
and of the recorded signal quality. If a higher spatial resolution 
can be obtained then it is necessary to measure more accurately 
and report the spatial localization of the electrodes. Generally, 
today's methods have reached a point where one can consider 
measuring EEG, EMG, kinematics, and kinetics simultaneously 
during motion. Thus, they open new possibilities in the field of 
behavior and neuroscience. 

FUNDINGS 

This work was supported by the Bayerisches Forschungsstiftung 
(Bavarian Research Foundation). 

ACKNOWLEDGMENTS 

The authors would like to thank Lucie Novotna, DiS for the time 
and patience put on this article artwork. 

Language corrections: Text revision and English language cor- 
rections were done by Andreas Oikonomou, B.A. and Robert 
Westbrook B.A. 

REFERENCES 

Ahmadian, P., Cagnoni, S., and Ascari, L. (2013). How capable is non-invasive EEG 
data of predicting the next movement? A mini review. Front. Hum. Neurosci. 
7:124. doi: 10.3389/fnhum.2013.00124 

Altman, A. R., Reisman, D. S., Higginson, J. S., and Davis, I. S. (2012). Kinematic 
comparison of split-belt and single-belt treadmill walking and the effects of 
accommodation. Gait Post. 35, 287-291. doi: 10.1016/j.gaitpost.2011.09.101 

Artoni, E, Chisari, C, Menicucci, D., Fanciullacci, C, and Micera, S. (2012). 
"REMOV: EEG artifacts removal methods during Lokomat lower-limb reha- 
bilitation," in Biomedical Robotics and Biomechatronics (BioRob), 2012 4th IEEE 
RAS &EMBS International Conference on (Roma), 992-997. 



Barwood, M. J., Newton, P. S., and Tipton, M. J. (2009). Ventilated 

Vest and Tolerance for Intermittent Exercise in Hot, Dry Conditions 

With Military Clothing. Aviat. Space Environ. Med. 80, 353-359. doi: 

10.3357/ASEM.2411.2009 
Bell, A., and Sejnowski, T. (1995). An information-maximization approach to 

blind separation and blind deconvolution. Neural Comput. 7, 1129-1159. doi: 

10.1162/neco.l995.7.6.1129 
Berger, H. (1929). Uber das Elektrenkephalogramm des Menschen. Arch. Psychiatr. 

Nervenkrankheiten 87, 527-570. doi: 10.1007/BF01797193 
Brown, P. (2000). Cortical drives to human muscle: the Piper and related rhythms. 

Prog. Neurobiol. 60, 97-108. doi: 10.1016/S0301-0082(99)00029-5 
Brummer, V, Schneider, S., Struder, H. K., and Askew, C. D. (2011). Primary motor 

cortex activity is elevated with incremental exercise intensity. Neuroscience 181, 

150-162. doi: 10.1016/j.neuroscience.2011.02.006 
Bulea, T. C, Kilicarslan, A., Ozdemir, R., Paloski, W. H., and Contreras-Vidal, J. L. 

(2013). Simultaneous Scalp Electroencephalography (EEG), Electromyography 

(EMG), and Whole-body Segmental Inertial Recording for Multi-modal Neural 

Decoding./. Vis, Exp. e50602. doi: 10.3791/50602 
Buzsaki, G., Anastassiou, C. A., and Koch, C. (2012). The origin of extracellular 

fields and currents — EEG, ECoG, LFP and spikes. Nat, Rev. Neurosci. 13, 407- 

420. doi: 10.1038/nrn3241 
Calvert, T. W., Chapman, J., and Patla, A. (1982). Aspects of the kinematic 

simulation of human movement. Comp. Graph. Appl. IEEE 2, 41-50. 
Causer, J., McCormick, S. A., and Holmes, P. S. (2013). Congruency of gaze metrics 

in action, imagery and action observation. Front. Hum. Neurosci. 7:604. doi: 

10.3389/fhhum.2013.00604 
Chi, Y. M., Wang, Y.-T, Wang, Y, Maier, C, Jung, T.-P., and Cauwenberghs, 

G. (2012). Dry and noncontact EEG sensors for mobile brain computer 

Interfaces. IEEE Trans. Neural Syst. Rehabil. Eng. Soc. 20, 228-235. doi: 

10.1 109/TNSRE.201 1.2174652 
Chi, Y. M., Wang, Y, Wang, Y.-T, Jung, T.-P, Kerth, T, and Cao, Y (2013). "A prac- 
tical mobile dry EEG system for human computer interfaces," in Foundations of 

Augmented Cognition, eds D. D. Schmorrow and C. M. Fidopiastis (Heidelberg: 

Springer), 649-655. 

Clarke, A. R., Barry, R. J., McCarthy, R., and Selikowitz, M. (2001). EEG-defined 
subtypes of children with attention- deficit/hyp eractivity disorder. Clinical 
Neurophysiol. 112, 2098-2105. doi: 10.1016/S1388-2457(01)00668-X 

Colgin, L. L., Denninger, T, Fyhn, M., Hafting, T, Bonnevie, T, Jensen, O., et al. 
(2009). Frequency of gamma oscillations routes flow of information in the 
hippocampus. Nature 462, 353-357. doi: 10.1038/nature08573 



Frontiers in Human Neuroscience 



w w w.f ro ntiersin.org 



March 2014 | Volume 8 | Article 156 | 16 



Reis et al. 



Measuring EEG and body dynamics 



Cooper, G., Sheret, I., McMillian, L., and Siliverdis, K. (2009). Inertial sensor- 
based knee flexion/extension angle estimation. /. Biomech. 42, 2678-2685. doi: 
10.1016/j.jbiomech.2009.08.004 

De Clercq, W., Vergult, A., Vanrumste, B., Van Hees, J., Palmini, A., Van Paesschen, 
W., et al. (2005). "A new muscle artifact removal technique to improve the inter- 
pretation of the ictal scalp electroencephalogram," in 27th Annual International 
Conference of the Engineering in Medicine and Biology Society, 2005. IEEE-EMBS 
2005 (Shanghai), 944-947. 

De Clercq, W., Vergult, A., Vanrumste, B., Van Paesschen, W., and Van Huffel, 
S. (2006). Canonical correlation analysis applied to remove muscle artifacts 
from the electroencephalogram. IEEE Trans. Biomed. Eng. 53, 2583-2587. doi: 
10. 1 109/TBME.2006.879459 

Delorme, A., and Makeig, S. (2004). EEGLAB: an open source toolbox for analy- 
sis of single-trial EEG dynamics including independent component analysis. /. 
Neurosci. Methods 134, 9-21. doi: 10.1016/j.jneumeth.2003. 10.009 

Delorme, A., Mullen, T., Kothe, C, Akalin Acar, Z., Bigdely-Shamlo, N., Vankov, A., 
et al. (201 1). EEGLAB, SIFT, NFT, BCILAB, and ERICA: new tools for advanced 
EEG processing. Cotnput. Intell. Neurosci. 2011, 12. doi: 10.1155/2011/130714 

Delorme, A., Palmer, J., Onton, J., Oostenveld, R., and Makeig, S. (2012). 
Independent EEG sources are dipolar. PLoS ONE 7:e30135. doi: 10.1371/jour- 
nal.pone.0030 135 

DeLuca, C. I. (1997). The use of surface electromyography in biomechanics. /. Appl. 
Biomech. 2, 135-163. 

De Sanctis, P., Butler, J. S., Green, J. M., Snyder, A. C, and Foxe, J. J. (2012). "Mobile 
brain/body imaging (MoBI) : high-density electrical mapping of inhibitory pro- 
cesses during walking," in 34th Annual International Conference of the IEEE 
EMBS (San Diego, CA), 1542-1545. 

Dobkin, B. H., Firestine, A, West, M., Saremi, K., and Woods, R. (2004). Ankle 
dorsiflexion as an fMRI paradigm to assay motor control for walking during 
rehabilitation. Neuroimage 23, 370-381. doi: 10.1016/j.neuroimage.2004.06.008 

Ehinger, B. V, Fischer, P., Gert, A. L., Kaufhold, L., Weber, E, Pipa, G, et al. 
(2014). Kinesthetic and vestibular information modulate alpha activity dur- 
ing spatial navigation: a mobile EEG study. Front. Hum. Neurosci. 8:71. doi: 
10.3389/fnhum.2014.00071 

Engels, L., De Tiege, X., Op de Beeck, M., and Warzee, N. (2010). Factors influenc- 
ing the spatial precision of electromagnetic tracking systems used for MEG/EEG 
source imaging. Clin. Neurophysiol. 40, 19-25. doi: 10.1016/j.neucli.2010. 
01.002 

Engels, L., Warzee, N., and Tiege, X. (2011). Method of Locating EEG and MEG 

Sensors on a Head. European Patent Office. 
Essig, K., Prinzhorn, D., Maycock, J., Dornbusch, D., Ritter, H., and Schack, T. 

(2012) . "Automatic analysis of 3D gaze coordinates on scene objects using data 
from eye-tracking and motion capture systems," in Proceedings of the 2012 
Symposium on Eye-Tracking Research and Applications (Santa Barbara, CA), 
37-44. 

Estepp, J. R., Christensen, J. C, Monnin, J. W, Davis, I. M., and Wilson, G. F. 
(2009). "Validation of a Dry Electrode System for EEG," in Proceedings of the 
Human Factors and Ergonomics Society Annual Meeting (San Antonio, TX), 
1171-1175. 

Ettl, S-, Arold, O., Yang, Z., and Hausler, G. (2012). Flying triangulation-an optical 
3D sensor for the motion-robust acquisition of complex objects. Appl. Opt. 51, 
281-289. doi: 10.1364/AO.51.000281 

Ettl, S., Rampp, S., Fouladi-Movahed, S., Dalai, S. S., Willomitzer, F, Arold, O., et al. 

(2013) . "Improved EEG source localization employing 3D sensing by "Flying 
Triangulation,"" in Proceedings SPIE 8791, Videometrics, Range Imaging, and 
Applications XII; and Automated Visual Inspection 2013, eds F. Remondino M. R. 
Shortis, J. Beyerer, and F. Puente Leon (Munich: SPIE), 7. 

Favre, J., Aissaoui, R., Jolles, B. M., and De Guise, J. A. (2009). Functional 
calibration procedure for 3D knee joint angle description using inertial 
sensors. Am. J. Biomed. Eng. 42, 2330-2335. doi: 10.1016/j.jbiomech.2009. 
06.025 

Fong, D. T.-R, and Chan, Y.-Y. (2010). The use of wearable inertial motion sen- 
sors in human lower limb biomechanics studies: a systematic review. Sensors 10, 
11556-11565. doi: 10.3390/sl01211556 

Forsberg, C, and Hellsing, E. (1985). EMG activity in neck and masticatory muscles 
in relation to extension and flexion of the head. Eur. J. Orthod. 7, 177-184. doi: 
10.1093/ejo/7.3.177 

Gabsteiger, R, Leutheuser, PL, Reis, P., Lochmann, M., and Eskofier, B. M. (2013). 
"SVM for semi-automatic selection of ICA components of electromyogenic 



artifacts in EEG data - ACCEPTED," in The 15th International Conference on 
Biomedical Engineering (ICBME 2013) (Singapore), 1-4. 
Gancet, J., Ilzkovitz, M., Motard, E., Nevatia, Y., Letier, P., de Weerdt, D, 
et al. (2012). "MINDWALKER: going one step further with assistive lower 
limbs exoskeleton for SCI condition subjects," in The Fourth IEEE RAS/EMBS 
International Conference on Biomedical Robotics and Biomechatronics, Rome, 
1794-1800. 

Gavrila, D. M. (1999). The visual analysis of human movement: a survey. Comp. 

Vis. Image Understand. 73, 82-98. doi: 10.1006/cviu.l998.0716 
Goldman, R. I., Stern, J. M., Engel, J. Jr., and Cohen, M. S. (2002). Simultaneous 

EEG and fMRI of the alpha rhythm. Neuroreport 13, 2487-2492. doi: 

1 0. 1097/0000 1 756-2002 12200-00022 
Goncharova, I. I., McFarland, D. J., Vaughan, T. M., and Wolpaw, J. R. (2003). 

EMG contamination of EEG: spectral and topographical characteristics. Clin. 

Neurophysiol. 114, 1580-1593. doi: 10.1016/S1388-2457(03)00093-2 
Gramann, K., Gwin, J. T, Bigdely-Shamlo, N., Ferris, D. P., and Makeig, S. (2010). 

Visual evoked responses during standing and walking. Front. Hum. Neurosci. 

4:202. doi: 10.3389/fnhum.2010.00202 
Grave de Peralta-Menendez, R., and Gonzalez- Andino, S. L. (1998). A critical anal- 
ysis of linear inverse solutions to the neuroelectromagnetic inverse problem. 

IEEE Trans. Biomed. Eng. 45, 440-448. doi: 10.1109/10.664200 
Grozea, C, Voinescu, C. D., and Fazli, S. (2011). Bristle-sensors — low-cost flexible 

passive dry EEG electrodes for neurofeedback and BCI applications. /. Neural 

Eng. 8, 8. doi: 10.1088/1741-2560/8/2/025008 
Gutberlet, I., Debener, S., Jung, T.-R, and Makeig, S. (2009). "Techniques of EEG 

recording and preprocessing," in Quantative EEG Analysis Methods and Clinical 

Applications, eds S. Tong, and N. V. Thakor (Norwood, OH: Artech House), 

23-49. 

Gwin, J. T, Gramann, K., Makeig, S., and Ferris, D. P. (2010). Removal of move- 
ment artifact from high-density EEG recorded during walking and running. /. 
Neurophysiol. 103, 3526-3534. doi: 10.1152/jn.00105.2010 

Gwin, J. T., Gramann, K., Makeig, S., and Ferris, D. P. (2011). Electrocortical activ- 
ity is coupled to gait cycle phase during treadmill walking. Neuroimage 54, 
1289-1296. doi: 10.1016/j.neuroimage.2010.08.066 

Hallez, H., Vanrumste, B., Grech, R., Muscat, J., De Clercq, W., Vergult, A., et al. 

(2007) . Review on solving the forward problem in EEG source analysis. /. 
Neuroeng. Rehabil. 4, 46. doi: 10.1186/1743-0003-4-46 

Hanson, M. A., Powell, H. C, Barth, A. T., and Ringgenberg, K. (2009). Body 
area sensor networks: challenges and opportunities. Computer 42, 58-65. doi: 
10.1109/MC.2009.5 

Heinen, X, Velentzas, K., and Vinken, P. M. (2012). Functional relation- 
ships between gaze behavior and movement kinematics when performing 
high bar dismounts-an exploratory study. Hum. Movem. 13, 218-224. doi: 
10.2478M0038-012-0025-2 

Herculano-Houzel, S. (2009). The human brain in numbers: a linearly scaled- 
up primate brain. Front. Hum. Neurosci. 3:31. doi: 10.3389/neuro.09.031. 
2009 

Herholz, S., Chuang, L. L., Tanner, T. G, Bulthoff, H. H., and Fleming, R. W. 

(2008) . "LibGaze: real-time gaze-tracking of freely moving observers for wall- 
sized displays," in Proceedings of Vision, Modeling and Visualization Conference 
2008 (Konstanz), 101-110. 

Hermens, H. J., and Freriks, B. (eds). (1999). European Recommendations for Surface 
ElectroMyoGraphy, 1st Edn. Enschede: Roessingh Research and Development. 

Hermens, H. J., Freriks, B., Disselhorst-Klug, C, and Rau, G. (2000). Development 
of recommendations for SEMG sensors and sensor placement procedures. /. 
Electromyogr. Kinesiol. 10, 361-374. doi: 10.1016/S1050-6411(00)00027-4 

Hilty, L., Langer, N., Pascual-Marqui, R., Boutellier, U, and Lutz, K. (2011). 
Fatigue-induced increase in intracortical communication between mid/ anterior 
insular and motor cortex during cycling exercise. Eur. }. Neurosci. 34, 2035- 
2042. doi: 10.1111/j.l460-9568.2011.07909.x 

Jain, S., Gourab, K., Schindler-Ivens, S., and Schmit, B. D. (2013). EEG during ped- 
aling: evidence for cortical control of locomotor tasks. Clin. Neurophysiol 124, 
379-390. doi: 10.1016/j.clinph.2012.08.021 

Jasper, H. H. (1958). Report of the committee on methods of clinical examination 
in electroencephalography. Electroencephalogr. Clin. Neurophysiol. 10, 370-375. 
doi: 10.1016/0013-4694(58)90053-1 

Junghofer, M., Elbert, T., Tucker, D. M., and Braun, C. (1999). The polar average 
reference effect: a bias in estimating the head surface integral in EEG recording. 
Clin. Neurophysiol. 110, 1149-1155. doi: 10.1016/S1388-2457(99)00044-9 



Frontiers in Human Neuroscience 



www.frontiersin.org 



March 2014 | Volume 8 | Article 156 | 17 



Reis et al. 



Measuring EEG and body dynamics 



Kadaba, M. P., Ramakrishnan, H. K., and Wootten, M. E. (1990). Measurement of 

lower extremity kinematics during level walking. /. Orthop. Res. 8, 383-392. doi: 

10.1002/jor.ll00080310 
Kandel, E. R. (2000). "Nerve cells and behavior," in Principles of Neural Science, eds 

E. R. Kandel, J. H. Schwartz, and T. M. Jessell (New York, NY: McGraw-Hill), 

20-35. 

Ketcham, C. J., Dounskaia, N. V., and Stelmach, G. E. (2006). The role of vision in 

the control of continuous multijoint movements. /. Mot. Behav. 38, 29-44. doi: 

10.3200/JMBR.38.1.29-44 
Kilicarslan, A., Prasad, S., Grossman, R. G, and Contreras-Vidal, J. L. (2013). 

"High accuracy decoding of user intentions using EEG to control a lower-body 

exoskeleton," in 35th Annual International Conference of the IEEE Engineering in 

Medicine and Biology Society (Osaka), 4. 
Kingsley, S. A., Sriram Sriram, Pollick, A., and Marsh, J. (2004). "Photrodes for 

physiological sensing," in Biomedical Optics 2004, ed I. Gannot (San Jose, CA: 

SPIE), 158-166. 

Koessler, L., Cecchin, T., Ternisien, E., and Maillard, L. (2010). "3D handheld laser 
scanner based approach for automatic identification and localization of EEG 
sensors," in 2010 32nd Annual International Conference of the IEEE Engineering 
in Medicine and Biology Society (EMBC 2010) (Buenos Aires), 3707-3710. doi: 
10.1109/IEMBS.2010.5627659 

Komi, P. V., and Tesch, P. (1979). EMG frequency spectrum, muscle structure, and 
fatigue during dynamic contractions in man. Eur. ]. Appl. Physiol. 42, 41-50. 
doi: 10.1007/BF00421103 

Kornhuber, H., and Deecke, L. (1965). Hirnpotentialanderungen bei 
Willkurbewegungen und passiven Bewegungen des Menschen: bereitschaftspo- 
tential und reafferente potentiale. Pflug. Arch. Eur. J. Physiol. 284, 1-17. doi: 
10.1007/BF00412364 

Kothe, C. A., and Makeig, S. (2013). BCILAB: a platform for brain-computer 
interface development. /. Neural Eng. 10, 056014. doi: 10.1088/1741- 
2560/10/5/056014 

Kugler, P., Schlarb, H, Blinn, J., Picard, A., and Eskofier, B. (2012). "A wireless trig- 
ger for synchronization of wearable sensors to external systems during recording 
of human gait," in 34th Annual International Conference of the IEEE EMBS (San 
Diego, CA), 4537-4540. 

Lau, T. M., Gwin, J. T., and Ferris, D. P. (2012). How many electrodes are really 
needed for EEG-based mobile brain imaging? /. Behav. Brain Sci. 2, 387-393. 
doi: 10.4236/jbbs.2012.23044 

La Vaque, T. J. (1999). The history of EEG hans berger: psychophysiologist. A 
historical vignette. /. Neurother. 3, 1-9. doi: 10.1300/J184v03n02_01 

Lee, S. J., and Hidler, J. (2008). Biomechanics of overground vs. treadmill walking 
in healthy individuals. /. Appl. Physiol. 104, 747-755. doi: 10.1152/japplphys- 
iol.01380.2006 

Leutheuser, H, Gabsteiger, F., Hebenstreit, F, Reis, P., Lochmann, M., and 
Eskofier, B. (2013). "Comparison of two algorithms to reduce muscular move- 
ment artifacts in EEG data," in 2013 35nd Annual International Conference 
of the IEEE Engineering in Medicine and Biology Society (EMBC 2013) 
(Osaka), 1-4. 

Liao, L. D., Linda, M. K., Wickenden, A. E., Gramann, K., Jung, T.-R, Ko, L.- 
W., et al. (2012). "Biosensor technologies for augmented brain-computer 
interfaces in the next decades," in Proceedings of the IEEE, 1553-1566. doi: 
10.1109/JPROC.2012.2184829 

Lollgen, H. (2004). Das Anstrengungsempfinden (RPE, Borg-Skala). Deutsche Z. 
Sportmed. 55, 299-300. 

Magee, J. C. (2000). Dendritic integration of excitatory synaptic input. Nat. Rev. 
Neurosci. 1, 181-190. doi: 10.1038/35044552 

Maidhof, C, Kastner, T, and Makkonen, T. (2013). Combining EEG, MIDI, and 
motion capture techniques for investigating musical performance. Behav. Res. 
Methods 46, 1-11. doi: 10.3758/sl3428-013-0363-9 

Makeig, S., Bell, A. J., Jung, T. P., and Sejnowski, T. J. (1996). Independent compo- 
nent analysis of electroencephalographic data. Adv. Neural Inform. Process. Syst. 
8, 145-151. 

Makeig, S., Gramann, K., and Jung, T. (2009). Linking brain, mind and behavior. 
Int. ]. Psychophysiol. 73, 95-100. doi: 10.1016/j.ijpsycho.2008.11.008 

Makeig, S., Westerfield, M., and Jung, T. ( 1 999) . Functionally independent compo- 
nents of the late positive event-related potential during visual spatial attention. 
/. Neurosci. 19, 2665-2680. 

McMenamin, B. W., Shackman, A. J., Maxwell, J. S., Bachhuber, D. R. W., 
Koppenhaver, A. M., Greischar, L. L., et al. (2010). Validation of ICA-based 



myogenic artifact correction for scalp and source-localized EEG. Neuroimage 

49, 2416-2432. doi: 10.1016/j.neuroimage.2009.10.010 
Merletti, R., and Di Torino, P. (1999). Standards for reporting EMG data. /. 

Electromyogr. Kinesiol. 9, 3-4. 
Metting van Rijn, A. C, Kuiper, A. P., Dankers, T. E., and Grimbergen, C. A. (1996). 

"Low-cost active electrode improves the resolution in biopotential recordings," 

in 18th Annual International Conference of the IEEE Engineering in Medicine and 

Biology Society (Amsterdam), 101-102. 
Metting van Rijn, A. C, Peper, A., and Grimbergen, C. A. (1990). High-quality 

recording of bioelectric events. Med. Biol. Eng. Comput. 28, 389-397. doi: 

10.1007/BF02441961 

Michel, C, Murray, M., Lantz, G., Gonzalez, S., Spinelli, L., and Grave de Peralta, 

R. (2004). EEG source imaging. Clin. Neurophysiol. 115, 2195-2222. doi: 

10.1016/j.clinph.2004.06.001 
Michel, C. M., and Brandeis, D. (2010). "The sources and temporal dynamics of 

scalp electric fields," in Simultaneous EEG and fMRI, eds M. Ullsperger and S. 

Debener (New York, NY: Oxford University Press), 3-19. 
Muthukumaraswamy, S. D. (2010). Functional properties of human primary 

motor cortex gamma oscillations. /. Neurophysiol. 104, 2873-2885. doi: 

10.1152/jn.00607.2010 
Oggero, E., Pagnacco, G, Morr, D. R., and Simon, S. R. (1998). Probability of valid 

gait data acquisition using currently available force plates. Biomed. Sci. lustrum. 

34, 392-397. 

Ojeda, A., Bigdely-Shamlo, N., and Makeig, S. (2014). MoBILAB: an open 
source toolbox for analysis and visualization of mobile brain/body 
imaging data. Front. Hum. Neurosci. 8:121. doi: 10.3389/fnhum.2014. 
00121 

Ojeda, L., Rebula, J. R., Adamczyk, P. G, and Kuo, A. D. (2013). Mobile platform for 

motion capture of locomotion over long distances. /. Biomech. 46, 2316-2319. 

doi: 10.1016/j.jbiomech.2013.06.002 
Palmer, J. A., Kreutz-Delgado, K., and Makeig, S. (2011). AMIGA: An Adaptive 

Mixture of Independent Component Analyzers with Shared Components. San 

Diego, CA: Technical report, Swartz Center for Computational Neuroscience. 
Pascual-Marqui, R. D. (1999). Review of methods for solving the EEG inverse 

problem. Int. J. Bioelectromagn. 1, 75-86. 
Pescatello, L. S., Arena, R., Riebe, D, and Thomson, P. D., editors (2013). ACSM's 

Guidelines for Exercise Testing and Prescription, 9th Edn. Philadelphia, PA: 

Lippincott Williams & Wilkins. 
Pfurtscheller, G, and Neuper, C. (2003). "Movement and ERD/ERS," in The 

Bereitschaftspotential, eds M. Jahanshahi, and M. Hallett (Boston, MA: 

Springer), 191-206. doi: 10.1007/978-1-4615-0189-3-12 
Plochl, M., Ossandon, J. P., and Konig, P. (2012). Combining EEG and eye 

tracking: identification, characterization, and correction of eye movement 

artifacts in electroencephalographic data. Front. Hum. Neurosci. 6:278. doi: 

10.3389/fnhum.2012.00278 
Plonsey, R., and Heppner, D. B. (1967). Considerations of quasi-stationarity 

in electrophysiological systems. Bull. Math. Biophys. 29, 657-664. doi: 

10.1007/BF02476917 
Pohr, S. H, and Vogler, A. (2007). Garment For Personal Air-Conditioning. US 

Patent Office. 

Poppe, R. (2007). Vision-based human motion analysis: an overview. Comp. Vis. 
Image Understand. 108, 4-18. doi: 10.1016/j.cviu.2006.10.016 

Prichep, L. S., and John, E. R. (1992). QEEG profiles of psychiatric disorders. Brain 
Topogr. 4, 249-257. doi: 10. 1007/BF01 135562 

Rainoldi, A., Melchiorri, G, and Caruso, I. (2004). A method for posi- 
tioning electrodes during surface EMG recordings in lower limb 
muscles. /. Neurosci. Methods 134, 37-43. doi: 10.1016/j.jneumeth.2003. 
10.014 

Reiser, R. F, Peterson, M. L., and Broker, J. P. (2003). Instrumented bicycle pedals 

for dynamic measurement of propulsive cycling loads - Springer. Sports Eng. 6, 

41-48. doi: 10.1007/BF02844159 
Robertson, G, Caldwell, G., Hamill, J., Kamen, G., and Whittlesey, S. (2004). 

Research Methods in Biomechanics, 1st Edn. Champaign, IL: Human Kinetics. 
Russell, G. S., Jeffrey Eriksen, K., Poolman, P., Luu, P., and Tucker, D. M. (2005). 

Geodesic photogrammetry for localizing sensor positions in dense-array EEG. 

Clin. Neurophysiol. 116, 1130-1140. 
Rutkove, S. B. (2007). "Introduction to volume conduction," in The Clinical 

Neurophysiology Primer, eds A. S. Blum, and S. B. Rutkove (Totowa, NJ: Humana 

Press), 43-53. doi: 10.1007/978-1-59745-271-7-4 



Frontiers in Human Neuroscience 



www.frontiersin.org 



March 2014 | Volume 8 | Article 156 | 18 



Reis et al. 



Measuring EEG and body dynamics 



Sabatini, A. M. (2011). Estimating three-dimensional orientation of human 
body parts by inertial/magnetic sensing. Sensors 11, 1489-1525. doi: 
10.3390/sl 10201489 

Salenius, S., Portin, K., Kajola, M., Salmelin, R., and Hari, R. (1997). Cortical con- 
trol of human motoneuron firing during isometric contraction. /. Neurophysiol. 
77, 3401-3405. 

Salenius, S., Salmelin, R., Neuper, C, Pfurtscheller, G., and Hari, R. (1996). Human 
cortical 40 Hz rhythm is closely related to EMG rhythmicity. Neurosci. Lett. 213, 
75-78. doi: 10.1016/0304-3940(96)12796-8 

Schaal, S., Sternad, D., Osu, R., and Kawato, M. (2004). Rhythmic arm movement 
is not discrete. Nat. Neurosci. 7, 1136-1143. doi: 10.1038/nnl322 

Schaul, N. (1998). The fundamental neural mechanisms of electroencephalogra- 
phy. Electroencephalogr. Clin. Neurophysiol. 106, 101-107. doi: 10.1016/S0013- 
4694(97)00111-9 

Schneider, S., Rouffet, D. M., Billaut, E, and Struder, H. K. (2013). Cortical 
current density oscillations in the motor cortex are correlated with mus- 
cular activity during pedaling exercise. Neuroscience 228, 309-314. doi: 
10.1016/j.neuroscience.2012.10.037 

Schoffelen, J.-M., Oostenveld, R., and Fries, R (2008). Imaging the human motor 
system's beta-band synchronization during isometric contraction. Neuroimage 
41, 437-447. doi: 10.1016/j.neuroimage.2008.01.045 

Schuldt, K., Ekholm, J., Harms-Ringdahl, K., Arborelius, U. P., and Nemefh, 
G. (1987). Influence of sitting postures on neck and shoulder e.m.g. during 
arm-hand work movements. Clin. Biomech. 2, 126-139. doi: 10.1016/0268- 
0033(87)90003-9 

Shackman, A. J., McMenamin, B. W., Slagter, H. A., Maxwell, J. S., Greischar, 
L. L., and Davidson, R. J. (2009). Electromyogenic artifacts and electroen- 
cephalographic inferences. Brain Topogr. 22, 7-12. doi: 10.1007/sl0548-009- 
0079-4 

Sharma, A., Agarwal, M., Sharma, A., and Dhuria, P. (2013). Motion capture pro- 
cess, techniques and applications. Int. ]. Recent Innov. Trends Comput. Commun. 
1, 251-257. 

Shibasaki, H, and Hallett, M. (2006). What is the bereitschaftspotential? Clin. 

Neurophysiol. 117, 2341-2356. doi: 10.1016/j.clinph.2006.04.025 
Sinclair, C. M., Gasper, M. C, and Blum, A. S. (2007). "Basic electronics in clinical 

neurophysiology," in The Clinical Neurophysiology Primer, eds A. S. Blum, and 

S. B. Rutkove (Totowa, NJ: Humana Press), 3-18. 
Sulivan, S., Davidson, C, Sanders, M., and Wooley, K. (2006). Three-Dimensional 

Motion Capture. Australian Patent Office. 
Tadano, S., Takeda, R., and Miyagawa, H. (2013). Three dimensional gait analysis 

using wearable acceleration and gyro sensors based on quaternion calculations. 

Sensors 13, 9321-9343. doi: 10.3390/sl30709321 
Tang, Y., Li, Y., Wang, J., Tong, S., Li, H., and Yan, J. (2011). Induced gamma activ- 
ity in EEG represents cognitive control during detecting emotional expressions. 

Conf. Proc. IEEE Eng. Med. Biol. Soc. 2011, 1717-1720. doi: 10.1109/IEMBS. 

2011.6090492 

Tobon, R. (2010). The Mocap Book: A Practical Guide to the Art of Motion Capture, 

IstEdn. Orlando, FL: Foris Force. 
Tyner, F. S., Knott, J. R., and Mayer, W. B. (1983). "Artifacts," in Eundamentals of 

EEG Technology, eds F. S. Tyner, J. R. Knott, and W. B. Mayer (Philadelphia, PA: 

Lippincott Williams & Wilkins) ,280-311. 



van Boxtel, A. (2001). Optimal signal bandwidth for the recording of surface EMG 

activity of facial, jaw, oral, and neck muscles. Psychophysiology 38, 22-34. doi: 

10.1111/1469-8986.3810022 
van Sint Jan, S. (2007). Color Atlas of Skeletal Landmark Definitions Guidelines 

for Reproducible Manual and Virtual Palpations. Philadelphia, PA: Churchill 

Livingstone Elsevier. 

Vanderwolf, C. H. (2007). The Evolving Brain The Mind and the Neural Control of 
Behavior, IstEdn. New York, NY: Springer. 

Viitasalo, J. H. T., and Komi, P. V. (1977). Signal characteristics of EMG during 
fatigue. Eur. J. Appl. Physiol 37, 111-121. doi: 10.1007/BF00421697 

von Tscharner, V., Maurer, C, Ruf, F., and Nigg, B. M. (2013). Comparison of elec- 
tromyographic signals from monopolar current and potential amplifiers derived 
from a penniform muscle, the gastrocnemius medialis. /. Electromyogr. Kinesiol. 
23, 1044-1051. doi: 10.1016/j.jelekin.2013.07.011 

Wang, Y, and Gotman, J. (2001). The influence of electrode location errors on EEG 
dipole source localization with a realistic head model. Clin. Neurophysiol. 112, 
1777-1780. doi: 10.1016/S1388-2457(01)00594-6 

Waterstraat, G, Telenczuk, B., Burghoff, M., Fedele, T, Scheer, H. J., and Curio, 
G. (2012). Are high-frequency (600Hz) oscillations in human somatosensory 
evoked potentials due to phase-resetting phenomena? Clin. Neurophysiol. 123, 
2064-2073. doi: 10.1016/j.clinph.2012.03.013 

Winkler, I., Haufe, S., and Tangermann, M. (2011). Automatic classification of arti- 
factual ICA-components for artifact removal in EEG signals. Behav. Brain Funct. 
7, 30. doi: 10.1186/1744-9081-7-30 

Zehr, E. P., and Duysens, J. (2004). Regulation of arm and leg move- 
ment during human locomotion. Neuroscientist 10, 347-361. doi: 
10.11 77/1073858404264680 

Zeni, J. A. Jr., and Higginson, J. S. (2010). Gait parameters and stride-to-stride vari- 
ability during familiarization to walking on a split-belt treadmill. Clin. Biomech. 
25, 383-386. doi: 10.1016/j.clinbiomech.2009.11.002 

Zhang, Y, Liu, F., Trkov, M., and Yi, J. (2012). "Rider/bicycle pose estimation with 
IMU/seat force measurements," in 2012 IEEE/ASME International Conference 
on Advanced Intelligent Mechatronics (AIM) (Kaohsiung), 604-609. doi: 
10.1109/AIM.2012.6265934 

Conflict of Interest Statement: The authors declare that the research was con- 
ducted in the absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest. 

Received: 29 November 2013; accepted: 03 March 2014; published online: 24 March 
2014. 

Citation: Reis PMR, Hebenstreit F, Gabsteiger F, von Tscharner V and Lochmann 
M (2014) Methodological aspects of EEG and body dynamics measurements during 
motion. Front. Hum. Neurosci. 8:156. doi: 10.3389/fnhum.2014.00156 
This article was submitted to the journal Frontiers in Human Neuroscience. 
Copyright © 2014 Reis, Hebenstreit, Gabsteiger, von Tscharner and Lochmann. 
This is an open-access article distributed under the terms of the Creative Commons 
Attribution License (CC BY). The use, distribution or reproduction in other forums is 
permitted, provided the original authorfs ) or licensor are credited and that the original 
publication in this journal is cited, in accordance with accepted academic practice. No 
use, distribution or reproduction is permitted which does not comply with these terms. 



Frontiers in Human Neuroscience 



www.frontiersin.org 



March 2014 | Volume 8 | Article 156 | 19 



